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ABSTRACT 
 
Total Suspended Solids (TSS) analysis provides an initial and very basic measure for 
study and characterization of water quality.  The present tedious procedures used for the 
identification of different solids constituents present in TSS and for the classification or 
insight into the origins of those solids are time-consuming and expensive.  The research 
reported herein investigates the use of instrumental analysis using reflectance spectra of TSS 
as an attractive alternative to sufficiently characterize and identify TSS in a more rapid and 
economical method that could be used to study TSS transport and to identity TSS points of 
origin. 
For this investigative research, three and four constituent suspended solid mixtures 
were made up of silt and various clays which were suspended in pure water and then 
captured on standard glass fiber filter.  The captured mixtures of solids were spectrally 
scanned using a digital spectrophotometer for determination of reflectance intensities at 
numerous wavelengths within the visible light range. 
 Significant differences between the visible spectral reflectance data in three-
constituent and four-constituent mixture experiments were suitably distinguishable to allow 
for sufficiently accurate determination of the percent composition of the suspended solids 
that were present.  The overall average Standard Error of Prediction (SEP) for all constituents 
in each model was less than six percent for the three-constituent analyses and less than five 
percent for the four-constituent analyses.    The strong point of this research is that the SEP 
results of the three completely separate statistical models are all very similar and are in close 
agreement with one another.  The results of this research suggests that spectral imagery of 
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TSS may be useful as a water quality monitoring method for a quick, easy, and economical 
estimation of TSS present in water and for possible tracking of solids back to their points of 
origin.   
 This research is a significant, initial step in achieving the ultimate goal of tracking 
suspended pollutants using spectral signatures and represents early steps in the development 
of spectral reflection signatures as a tool for rapidly and easily characterizing the sources and 
properties of TSS in evaluating water quality. 
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CHAPTER 1.  INTRODUCTION AND PROBLEM DEFINITION 
 
 Initial perception of water quality, whether it is water for drinking, bathing, 
household use, or outdoor recreational waters such as a stream, river, lake, or ocean, is 
unmistakably derived from its reflected color that we sense visually.  This remote visual 
assessment is attained through the preconceived belief that highly transparent and/or deep 
dark blue waters must be void of contaminating constituents and are therefore very clean or 
pure waters  Whereas, colored water must contain some sort of contamination that imparts 
that color. 
 The color of natural water is a consequence of Apparent Optical Properties (AOP) 
that are dependent on the spatial distribution of impinging irradiance (zenith, θ, and azimuth, 
Ø, angles) from the sun or light source, the observed view angle, and the atmospheric 
conditions through which photons must travel.  By contrast, the bulk Inherent Optical 
Properties (IOP) are independent of the viewer and viewing conditions and are affected by, 
and directly related to, photon absorption and scattering properties of pure water itself plus 
the individual specific optical properties (intrinsic color) of the dissolved and suspended 
organic and inorganic matter (scattering agents) within that water.  Therefore the perception 
and interpretation of remotely sensed radiating visible spectrums from water rely on the 
relationships that link the apparent optical properties of water to its inherent optical 
properties (Bukata, et al. 1995, Bostater, 2002). 
 Dissolved and suspended matter in water is either terrestrial (allochthonic) or 
naturally derived photosynthetic matter from phytoplankton activity (autochthonic).  
Suspended sediments are typically a combination of photosynthetic and terrestrially derived 
matter.  Terrestrially derived sediments or solids are a combination of many types of matter 
whose compositions depend on countless variables, such as watershed topography, 
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geological influences, soil type, and many more (Thurman, 1985).  Various types of sands, 
silts and clays are only a few of the constituents that can be present as suspended solids in 
water.  Suspended matter compositions include particles of terrestrial origin, plankton, 
volcanic ash, anthropogenic, and particulates of either detritus or in situ chemical reactions.  
In situ chemical reactions and/or elemental composition of mineral suspended matter may 
include forms of silica, aluminum, manganese, iron oxides, and calcium carbonates, (Clark, 
2002) while detritus includes fragments of decayed plants and animals and their excretions.  
Planktonic suspended organic matter is comprised of zooplankton, algae, bacteria, and 
detritus (decomposition of phytoplankton, zooplankton, and macrophytic plants).  The 
degradation of Dissolved Organic Matter (DOM) results in the generation of by-products 
such as carbon dioxide (CO2), ammonia (NH3), water (H2O), and a variety of humic 
substances.  These humic substances are high molecular-weight complexing compounds that 
are classified as non-extractable suspended plant residue particulates called humin, a 
precipitate in an acidified extract called humic acid, and soluble fulvic acid.  Humic 
substances have a strong effect on water properties due to their chelation and complexation 
of metal ions.  The water-soluble humic substances, fulvic acid-type compounds called 
Gelbstoffe, are involved in iron solubilization and transport (Manahan, 2000).  These 
compounds are associated with water color and can create varying degrees of yellowness as a 
consequence of the temperature-dependent Maillard reactions involving amino acids, 
carbonates, and phenol-bearing matter (Bukata, et al. 1995). 
 The DOM and seston (organic and inorganic suspended matter), henceforth referred 
to as Total Suspended Solids (TSS), influence the angular and directional light field 
distributions within water, its attenuation properties, and ultimately the reflectance of the 
water (Heavens, 2003, Galvao 2003).  These optically significant constituents, referred to as 
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Color Producing Agents (CPA) by Pozdnyakov and Grassl (2003), can be described by their 
additive specific absorption, a(λ), and specific scattering coefficients, b(λ).  These 
coefficients can provide linkages between the volume reflectance (resulting spectral color) of 
water and its composition (Bukata, et al., 1995) and thereby allow the reflectance to be used 
as a pseudo-indicator of water quality.  Water quality is a descriptive expression that defines 
a set of criteria that establishes and supports a predetermined designated use of water.   
1.1  Problem Statement 
 Natural waters are an integral component of the elemental cycles (carbon, nitrogen, 
phosphorous, sulfur, oxygen, and others) that link the atmospheric, terrestrial, and aquatic 
ecosystems (Bukata, et al., 1995).  The earth’s global environment is dependent on the 
hydrologic cycles of water that transform and/or transport matter through the shaping of 
landscapes by streams and rivers that flow into the oceans.  The transported matter is usually 
either dissolved or suspended.  The suspended sources pertinent to this study are typically 
termed Non-Point Source (NPS) pollution.  The transport of water-suspended constituents 
through the ecological processes come from diverse sources ranging from the erosion of 
terrestrial highlands to suspended phytoplankton that supports enormous global fish 
populations that dominate aquatic carbon budgets. 
 The composition of natural water is a complex physical-chemical-biological mixture 
of living and non-living material, which based upon their interactions, can define the trophic 
status of water (Bukata, et al., 1995).  In 1991, suspended sediments were ranked by LADEQ 
as fifth out of eighteen causes for major impact on Louisiana lakes that did not fully meet 
their designated use (Muirhead, 1998).  In the United States, agricultural runoff was 
determined as the predominant source of NPS Pollution (Gomez, 1995), of which the 
primary constituent was sediment (Muirhead, 1998).  For rivers, suspended sediment was the 
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third major cause of non-attainment of designated uses with NPS pollution being the most 
common cause of impaired waters in the United States (Muirhead, 1998).  Of the various 
types of agricultural, rural, and urban non-point source pollutants, as well as municipal and 
industrial point source discharges, TSS is a major pollutant and significantly contributes and 
influences the color of water (Muirhead, 1998).  The extreme temporal and spatial diversity 
of organic and inorganic composition of suspended matter in natural surface water presents 
an enormous challenge to describe the optical properties of water (Bukata, et al., 1995, 
Blanco, 2002) through remote sensing.  These suspended constituents are expected to 
increase as human populations increase their urban, industrial, and agricultural discharges 
into inland waters (Bukata, et al., 1995). 
 The color imparted to water by dissolved and/or suspended solids can be viewed by 
spectral reflectance.  This spectral signature or “finger print” of water and its composition, 
the intrinsic water color, can be used as a pseudo-indicator of water quality.  The remote 
sensing of the color of water in flowing streams and rivers may be employed to monitor 
temporal and spatial changes of watersheds (i.e., sediments types and seasonal events, such 
as, rainfall intensity, ground cover, land usage, and urbanization changes) to hypothesize 
cause and effect of human impact on land usages, suspended solid sources, and the global 
changes that result from the transport of those solids (Jafri, 2003). 
 Implementing a management approach for impaired surface water based on the Total 
Maximum Daily Loading (TMDL) of pollutants is of concern to stake holders and regulatory 
agencies.  TSS is considered a major Non-Point Source (NPS) pollutant that can originate 
from numerous types of land use and are a key transfer mechanism of metal and organic 
pollutants through sorption and transport processes in rivers, lakes and wetlands (Caetano, 
2002, Luettich, 1990).  TSS is a key parameter in assessing the daily loads going into surface 
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waters and is physically difficult to quantify due to the variability of the heterogeneous land-
use types within and between watersheds and the magnitude and duration resulting from 
climactic, hydraulic, and biogeochemical factors.  Measurement techniques for NPS loads are 
established but require significant automated instrumentation and costly monitoring to 
establish accurate and precise loading estimates.  To date, load estimates in Louisiana are 
lacking (Pardue, 2003). 
 Most all river basins are comprised of mixed-use watersheds with urban, forested, and 
agricultural components.  The ecosystems of various watersheds are of growing concern due 
to increases in environmental strain being placed upon those systems.  The interest in these 
systems has become evident through the increase in TMDL investigations that are in progress 
at various locations throughout the world along with significant land-use analyses that are 
being conducted using developing Geographic Information Systems (GIS).  Suspended solids 
have a dramatic impact on reflectance and ultimately upon aquatic color (Bukata, et al, 
1995).  Similar land-use profiles, and the resulting color signatures determined at these site 
locations, may prove to be applicable to judging conditions at other land area locations.  
Therefore the investigation and tracking of suspended solids using spectral imaging could be 
a rapid and cost effective method for solids identification and monitoring of future sites 
under investigation (Franke, 2002). 
 TSS is but one of the many different criteria for measuring water quality, but the 
laboratory measurements and procedures for the types of solids that are present and make-up 
TSS can be time consuming and expensive. What would be most beneficial is an attractive 
instrumental measurement that would sufficiently characterize TSS in a fast and cost 
effective means for pollutant tracking, monitoring and identification.  Unfortunately a “TSS-
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meter” for measuring and characterizing TSS is not currently available.  The work reported 
herein could possibly contribute toward the development of such a meter. 
1.2  Importance of Study 
 The quality of water is influenced by: 1) anthropogenic input and activities, 2) 
upstream water-shed properties that include climate, topography, geology, soil types, 
vegetative cover, and drainage, and 3) the properties of the water body itself, such as 
morphometry currents, depth, and mixing layers.  The need to monitor, control, and maintain 
water quality associated with TSS has prompted the development of, and ongoing 
improvements in, remote sensing techniques (Muirhead, 1998) that help determine the 
optical classification (color) of water.  The integral role of satellite monitoring of global 
climate change further accentuates the potential for converting remotely sensed data into 
reliable estimates of environmentally significant parameters (Bukata, et al., 1995).  Optical 
classification includes the monitoring of global phytoplankton primary production (Koh, 
1999) and the movement of suspended sediments from major distributaries for maintaining a 
sustainable healthy balance of water ecosystems and fisheries (Pettersson, 1992) as well as 
navigable waterways.  Some of the high spectral resolution airborne spectrometers used for 
measuring water quality remotely are the Compact Airborne Spectrographic Imager (CASI), 
the Airborne Ocean Color Imager (AOCI), and the Airborne Visible Infrared Imaging 
Spectrometer (AVIRIS) (Bukata, et al., 1995).  Numerous examples of the use of Landsat 
imagery from the 500-600 nm, 600-700 nm and 700-800 nm bands in conjunction with 
empirical radiance and TSS relationships to study turbidity, changes in the movement of 
sediments, monitoring of ocean dump plumes, and map temporal and spatial changes were 
summarized by Kirk (1994).  The growing use and implementation of these satellite color 
  
 
7
sensors point to the importance of monitoring water color (i.e., suspended solids and 
turbidity) as a key indicator in global ecological processes. 
 Figure 1.1 is taken from Bukata, et al. (1995).  Their Figure 5.10 shows the dramatic 
impact of suspended mineral concentrations on the Volume Reflectance (R).  R is the ratio of 
the upwelling irradiance to the downwelling irradiance at a given point within a water body 
or at the infinitesimal layer just beneath the air/water surface interface of a body of water 
(surface volume reflectance) and hence its aquatic color.   
 
FIGURE 1.1 – VOLUME REFLECTANCE SPECTRA FOR INCREASING 
CONCENTRATIONS OF SUSPENDED MATTER (SM) CONCENTRATIONS (DATA 
FROM BUKATA ET AL., 1995, FIGURE 5.10) 
 
The data shown in Figure 1.1 were from a four-constituent optical model created by Bukata, 
et al. (1995) from the work outlined by Bukata, et al. (1985) and Kondratyev and 
Pozdnyakov (1988).  The constituents of the model were restricted to: 1) pure water, 2) 
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chlorophyll a, 3) suspended minerals, and 4) dissolved organic carbon.  The model results 
showed that suspended minerals had the greatest impact upon watercolor, either 
independently or in conjunction with the other less influential constituents.   Optical tracing 
of high surface area suspended sediments may ultimately allow for the tracking and transport 
modeling of chemical contaminants through known physical and chemical sorption 
properties even though the optical attenuation of those chemical contaminants do not 
compete with the scattering and absorption of light by chlorophyll, TSS, and DOM (Bukata, 
et al. 1995, Doering, 1999). 
 Monitoring of water quality (i.e., the constituents that the water contains) is critical in 
tracking the transport of nutrients as well as pollutants that affect the health and well being of 
aquatic ecosystems.  An initial very basic measure of water quality can be obtained through 
the determination of TSS.  The development of an optical technique for identifying spectral 
fingerprints of suspended solids would prove to be useful in identifying and tracing 
suspended pollutants back to their point and non-point sources. This technique may have the 
potential for numerous monitoring applications in the field of environmental engineering 
such as: 
• Tracing sediment transport in river tributaries and receiving waters; 
• Measuring sediment transport from watersheds in Total Maximum 
Daily Load (TMDL) studies; 
• Improving ground-truthing techniques for remote sensing of water 
bodies, and; 
• Monitoring environmental compliance. 
 Therefore, the ability to monitor suspended sediments by spectral reflectance, i.e., 
“fingerprinting” of the amount and resulting color of suspended solids, may serve as a 
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surrogate environmental indicator for water quality.  This may assist in source identification 
of watershed suspended pollutants that contribute to TMDL by adding another layer of 
attributes for the Digital Elevation Drainage Network Model component of the Topographic 
Parameterization (Lyon, 2003) for support of hydrologic modeling and analysis. 
1.3  Statement of Purpose 
 This research studies the application of an optical technique that utilizes the percent 
reflectance, every 10 nanometers over the entire visible light range, of TSS obtained from 
various water sample mixtures.  The links between the reflectance spectra (color) of the TSS 
and Volatile Suspended Solids (VSS) was investigated using statistical modeling of the 
resulting spectra from various water mixtures of suspended silt and clay sources.  The 
investigation into the spectrum changes (shifts in color) imparted by various suspended solids 
and the resultant water quality contributes to a better understanding of optical monitoring of 
water containing suspended constituents that may aid in more accurate and informed program 
management of water resources for sustainable eco-systems and compliance applications. 
 This work is intended to investigate whether or not an instrumental spectral color 
analysis of contaminated water can be helpful in characterization and/or possible 
identification of TSS constituents. 
 The purpose of this study is to investigate the optical signature of TSS from several 
clay and silt sources or standards that were suspended in deionized laboratory water.  These 
suspensions were analogous to different watershed discharges.  The relationships between 
mass loading captured on glass fiber filters and the spectral signatures of those solids were 
determined for each sampling.  This research investigated the reflectance signatures of 
different homogeneous and heterogeneous solid mixture suspensions for identification by 
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their signature variability and establishes their relationships for predictability of the type and 
amount of suspended solids present in external validation samples. 
 This research investigated visible reflectance spectroscopy analysis of captured 
suspended solids and examined whether or not the resulting spectra could be used to 
characterize a state of water quality.  As described in the Methods and Procedure section, this 
work was accomplished by analyzing and comparing the resulting spectral signature curves 
of suspended solids captured on glass fiber filters from a number of different sediment-laden 
water mixtures and the signatures of the “pure” suspended pollutant contained therein. 
 This research presents the color spectra of clay and silt solids and combined mixtures 
of those solids to yield information applicable to the development of a monitoring tool for the 
management of water resources.  Water resource management could include: 1) sediment 
transport, 2) remote aerial photogrammetry and satellite imaging, 3) trophic states of water, 
4) phytoplankton production, 5) harmful algal blooms, and 6) compliance monitoring 
through optical color measurements of source water suspended solids (Wang, 2003). 
1.4  Experimental Objectives 
 This research focused on the spectral signature of TSS and investigated whether or 
not spectral TSS analyses allowed for the prediction of the type of the suspended pollutant 
present.  This research may aid in the reduction of the cost of water quality investigations by 
giving a quick and easy pre-screening method for determining attainment of desired water 
quality standards.  The color of mixed suspended solids captured on filter was established 
and compared to pure solid suspensions using the Digital Swatchbook method (Muirhead, 
1998).  This work allowed for the establishment of mathematical models to describe and 
compare color relationships and differences that occur due to changes in the ratios of mass 
loadings and types of solids.  This research investigated TSS color shifts from different 
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amounts of silt and clay solids added to deionized water to create well-defined TSS water 
sample mixtures.  It also included the selection of solid sources/standards for total suspended 
solid and digital spectral analyses of solid sample mixtures captured by conventional TSS 
analysis to identify and obtain spectral response signature or fingerprint data of TSS (i.e., 
measure optical properties of TSS).  This work was designed for the development of 
relationships between TSS spectral analyses and TSS compositional analyses for comparison 
of mathematical relationships that would lead to the prediction of various TSS compositions. 
 The objectives of this research were to investigate: 
1) Whether spectral analyses can be used to develop predictive capabilities for 
the percent composition based upon TSS of known suspensions; 
2) Which mathematical models best describe the relationship between the 
reflectance spectral signatures and the composition of the TSS and;   
3) The predictive capabilities of suspended solid constituents in water, leading to 
water quantity estimates and the determination of land-type sources and 
origins using the spectral signatures. 
 This research study was designed to test the following hypotheses: 
1) The spectral signatures of captured TSS will allow for identification of 
different suspended sediment water mixtures; 
2) The spectral signatures of captured TSS will support predictive capabilities of 
the composition of those suspended solids present in water. 
 The spectral signature generated from water samples containing mixtures of mass-
weighted contaminates provided data with which to evaluate and test the above hypotheses.  
Samples that were suitable and met all quality control criteria were analyzed for suspended 
solids.  Suspended solids concentrations were determined by actual mass and volume 
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measurements and followed-up with TSS concentration calculations.  Experiments were 
conducted that represented several spectrally different solids that could be typical of field 
data conditions.  The predictive capabilities of TSS using spectral signatures established by 
this work could ultimately lead to water quality estimates and possible determination of land-
type sources and origins of various contaminants. 
1.5  Scope of Study 
 The scope of this study was to begin the ground work for optical fingerprinting of 
suspended solids in non-point source surface waters that affect water quality and designated 
uses and to develop a fast and reliable way to predict composition of total suspended solids 
for water quality assessment.  The following statistical techniques: P-spline Signal 
Regression (PSR), Partial Least Square (PLS), and Principal Component Analysis (PCA) 
were used to compare and evaluate the results. 
 TSS in surface waters varies greatly with soil conditions (dry, wetted, or saturated) 
and with changes in water flow and its velocity (i.e., a higher water flow and/or velocity 
usually leads to higher TSS).  Land usage, management, and farming practices greatly 
influence the NPS TSS by factors such as, how recently the soil has been worked and to what 
degree the tillage practices have been imposed, the stage of crop growth, and seasonal storm 
or rainfall events. Field data was not used in the model and testing of the hypotheses due to 
the uncontrollable nature of the factors listed above and the undeterminable variability 
imposed on field obtained TSS samples. 
 This research work was based on experimental laboratory work that involved the 
careful preparation of sample mixtures (volumes and weights) from known solids standards 
and sources.  This research focused on parameters that were precisely controlled in the 
laboratory environment that included using measured volumes of deionized water with 
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measured masses of known soil sources/samples in fixed ratios that best represent and/or 
simulate suspended solids that would occur from stormwater runoff conditions.  The lab 
work was conducted under aerobic mixing conditions that eliminated stagnant water 
conditions and did not promote oxidation-reduction reactions.  The clay and silt samples 
mixtures were not highly basic or acidic and did not undergo rapid chemical reactions; such 
decomposition reactions are complex (Carr, 2002) and are beyond the scope of this study.  
The ultimate reflectance was obtained for each pure sample and sample mixtures for each 
10nm bandwidth in the visible spectrum.  The ultimate percent reflectance spectrums were 
used as the signature identification of the TSS for investigation into the suitability in the 
development of a method for predicting suspended solids concentrations. 
 This research was limited to the optical relationships of relatively fine TSS particle 
mixtures from clay and silt standards to produce a feasible and attainable task for the 
following reasons:  1) “larger particles, such as mineral sand, are comparatively weakly light 
attenuating and, in any case, 2) tend to settle rapidly out of the water column” (Colley, et al., 
2003).  The geological, mineralogical, and biological characteristics of suspended solids 
(pollutants) and the associated physical and chemical changes that may occur to sediment 
during transport were not part of this investigation although they may be relevant to the color 
spectrum (Olphena, 1972).  This work represents early steps in the development of spectral 
reflection signatures as a tool for rapidly and easily characterizing the sources and properties 
of TSS in evaluating water quality. 
1.6  Literature Review 
 The term “solids” usually refers to matter that remains as a residue upon evaporation 
and drying at 103 to 105 degrees Celsius (Sawyer and McCarty, 1978).  Total solids or 
residue upon evaporation can be classified as either suspended solids or filterable solids by 
  
 
14
passing a known volume of liquid through a filter (Metcalf & Eddy, 1979).  Analytically, 
solids properties are described by their size and state, by their chemical characteristics, and 
by their size distributions (Tchobanoglous, et al., 1985).  Size and state are classified by 
settleable, suspended, colloidal, or dissolved while the chemical characteristics are described 
by volatile or nonvolatile, which in many cases are considered estimates of organic and 
inorganic content of the solids (Tchobanoglous, et al., 1985).  Figure 1.2 below is taken from 
Tchbanoglous, et al., (Figure 2.5) 1985, showing the particle sizes present in water and 
wastewater. 
  
 
FIGURE 1.2 – PARTICLE SIZES IN WATER AND WASTEWATER (DATA FROM 
TCHOBANOGLOUS, ET AL., 1985, FIGURE 2.5) 
 
The intrinsic color of water, and the particulate or suspended matter within that water, can be 
accurately and uniquely described by variations in its electromagnetic spectrum.  The visible 
or human-eye sensitive region of the electromagnetic spectrum, generally referred to as 
“light,” ranges from about 400 to 700 nanometers (nm) according to X-Rite (1998), or 390 to 
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740 nm according to Bukata et al. (1995), or 430 to 690 nm according to Halliday and 
Resnick, (1981), or 320 to 800 nm according to Atlas and Bartha (1998) depending on the 
light intensity and the observer’s sensitivity.  This region is made up of individual spectral 
data that are defined by their bandwidth interval.  When combined together, they result in the 
generation of a spectral curve or spectrum. 
 The spectrum is the unique optical signature or “fingerprint” resulting from the 
alteration of the percentage of light energy being reflected from an object’s surface to an 
observer (Coates, 2002, X-Rite, 1998).  The range of wavelengths from 390 to 740 nm is 
generally used for remote sensing of water due to the low transparency of water at 
wavelengths higher than approximately 740 nm.  Therefore, strong emphasis has been placed 
on evaluating water quality in terms of watercolor (Bukata, et al., 1995).  Figure 1.3, taken 
from Adrian et al. (LSU Proposal #9170, Figure #3, 1997), shows the spectral results from 
TSS in University Lake.  This spectrum is representative of TSS taken from a shallow, 
organically rich, eutrophic lake (TSS ≈ 28 mg/L) with the characteristic green hue (high 
percent reflectance in the green wavelength region) of phytoplankton due to the absorbance 
by chlorophyll-a in the blue and red regions of the spectrum.  
 The optical property of eutrophic lakes and deep offshore ocean waters are tightly 
controlled by the indigenous pigmented algal cells (Bukata, et al. 1995), whereas coastal  and 
inland surface watercolors are dominated by the suspended particulate matter content.  As 
discussed by Bukata, et al. (1995), the optical remote sensing of natural inland waters is a 
complex process involving the matching of a realistic number of significant CPA parameters 
to a limited number of solvable independent equations.  This limitation does, however, 
necessitate the exclusion of less optically significant parameters such as dissolved gases and 
salts, air bubbles, algal, and zooplankton from multi-constituent retrieval algorithms.   
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FIGURE 1.3 – ACTUAL COLOR AND PERCENT REFLECTANCE VERSUS 
WAVELENGTH (NM) FOR UNIVERSITY LAKE 
 
These algorithms estimate coexisting concentrations of optically competitive organic and 
inorganic aquatic constituents and are required for remote sensing of inland and coastal 
waters (Pozdnyakov, 2003, Shu, 1998, Bukata, et al., 1995).  Yet, inclusion of phytoplankton 
and bacterioplankton pigments could greatly improve the predictive capabilities of a unified 
bio-optical model (Bukata, et al., 1995).  The absorption and reflectance signatures of 
captured suspended solids (including phytoplankton) may allow for the development of an 
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additional attenuation parameter that could allow for the extraction of an additional 
constituent from a cumulative remote optical signal or improve predictive reliability. 
 In a study conducted by Gao and O’Leary (1997) the average or overall near-surface 
suspended solids concentration was found to be 10 per cent smaller than the mean vertical 
Suspended Solids Concentration (SSC).  This vertical distribution of SSC is affected by such 
factors as water depth, current velocity, particle size, and presence of salt-water wedges.  
Their analysis of regression models showed a positive linear correlation for SSC and its 
reflectance in the green band with the highest correlations (R2=0.97) using the lower 10-
meter spatial resolution (Gao and O’Leary, 1997). 
 The reflective color of TSS is sensitive to particle size, shape, and refractive index of 
the contained particles (Muirhead, 1998, Bukata, et al. 1995), while Hapke (1993) states that 
diffraction effects are negligible for closely packed particles.  Yet smaller particle sizes could 
reduce reflectance due to higher absorption from increased scattering.  The smaller particles 
of the TSS being captured will have an average diameter size just slightly larger than the 
upper visible wavelength (i.e., average 0.7 microns filter pore size opening is equivalent to 
700 nm wavelength).  Therefore, it may be prudent to consider the typical particle size 
distribution of captured TSS and investigate their light scattering characteristics and 
influences upon the spectral reflectance (smaller particles tend to increase scattering) 
(Ramsey, 1998).  This type of investigation may prove beneficial in further investigation of 
the Hapke Model assumptions for TSS particle size versus wavelength affects (Muirhead, 
personal communication, July 2003).  The Kubelka-Munk model has an important 
assumption that packed particles reflect incident light isotropically.  It assumes that the 
particles have mirror-like surfaces that are randomly oriented, resulting in equal reflection in 
all directions.  A limitation of this assumption, known as Bouguer's elementary mirror 
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hypothesis, is that it ignores the multiple scattering occurring from the interior of the sample.  
A more sophisticated model, which does not assume isotropic scattering, was developed by 
astronomer Bruce Hapke (Hapke, 2002, Hapke, 1993).  It however, requires calculation of 
five parameters that are functions of the angles of observation and incidence.  The 
"Swatchbook" only measures reflectance at one angle, therefore, the calculation of the Hapke 
model parameters are not possible without assuming an isotropic reflectance distribution. 
 The oxidation and reduction state of sediments can be reflected in the color of the 
solids that make up the sediments.  The color of soils and sediments is controlled by 1) 
saturation with stagnant water, 2) the presence of microorganisms, 3) the supply of food in 
the form of organic carbon, and 4) soil temperature (Jenkinson and Franzmeir, 2006). 
 The Colortron II was the predecessor to the presently available Digital Swatchbook 
Spectrophotometer that was used in this research to measure the reflectance of the captured 
suspended solids.  The Colortron and Swatchbook instrument’s technology and performance 
was proven to be an acceptable spectral measurement device in the comparison with the 
much more expensive Licor 1800 Spectroradiometer conducted by Muirhead in 1998.  The 
results of his comparison of the spectral reflectance measurements between the two 
instruments demonstrated that the Swatchbook colorimeter had sufficient resolution and 
reproducibility to accurately measure the unique reflectance spectra of dried suspended solids 
(Muirhead, 1998). 
 The general mixture problem followed a simplex-centroid design (Cornell, 1981) 
where q represents the number of constituents in the experiment and xi represents the 
proportion of ith TSS constituent, then xi ≥ 0 and i = 1 2, 3, ….q    and  
 0.1....321
1
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From equation 1.1 it can be seen that an individual proportion xi is unity.  Therefore a 
“mixture” could also be a single constituent and as such is called a “pure” mixture (Cornell, 
1981, Kuehl, 2000).  This research did not investigate specific absorption or scattering 
coefficient parameters for each suspended solid material and as such, the specific absorption 
or scattering coefficient parameters were not incorporated into the model design.  However, 
the amount or percent reflected light is dependent on the light attenuation or the degree of 
scattering and absorption from the captured suspended solids reflective surface that are made 
up of varying percentages of constituents.  Therefore, these models did account for particle 
shape, size, and amount differences in the solid constituents captured on the filter paper by 
using the percent reflected light.  
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CHAPTER 2.   EXPERIMENTAL METHODS, MATERIALS AND 
IMPLEMENTATION OF PROCEDURES 
 
2.1  Total Suspended Solids Analyses and Procedures 
 Water sample preparation and TSS analyses followed Method 2540 D of the 20th 
Edition of Standard Methods for the Examination of Water and Wastewater (Eaton et al., 
1998) and the Louisiana Department of Environmental Quality’s (LADEQ) Lab Quality 
Assurance.  Lab samples were composed of various combinations of clay and silt mixtures to 
emulate typical captured TSS from non-point source stormwater run-off that would contain 
three and four-constituents.  The Whatman, GF/F 0.7μm, glass fiber filters were used to 
capture the suspended solids. 
 An analytical method was developed by Muirhead (1998) for measuring the 
reflectance and color of TSS.  This method eliminated any color contributions from the 
background filter media by determining the “ultimate reflectance” of an infinite layer of TSS.  
This was achieved by spectrally scanning a series of separate glass fiber filters that had 
captured increasing amounts of particulate matter (TSS mass) by filtering increasing aliquots 
of the same water sample.  The incremental increase in TSS mass loading along with its 
associated reflectance data (essentially the inverse of absorption), allowed for curve fitting 
analysis with a resulting exponential decay relationship between mass loading (X=[mass of 
TSS/area of filter]) and the percent reflectance (%R) for each wavelength band designated 
within the visible range.  This decay function allowed for the mathematical determination of 
the ultimate or “infinite” reflectance for each wavelength band of a sufficiently or 
“infinitely” thick layer of dry TSS that removes any reflective influence from the filter itself. 
 As shown in Figure 2.1, the infinite reflectance of 0.07 percent at a wavelength of 390 
nm was determined from the intersection of the horizontal asymptote of the data curve that 
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was obtained by plotting the wavelength intensity (% Reflectance) versus the captured mass 
loading (X).  The fitted data curve was determined by using an exponential decay function 
selected from Table Curve TM software.   Most modeling software, such as Table Curve,  will 
 
FIGURE 2.1 – PERCENT REFLECTANCE AT 390 NM VS. INCREASING 
AMOUNTS OF SOLIDS CAPTURED ON GLASS FIBER FILTER 
 
allow for the creation and incorporation of unique and specific modeling equations, such as 
the Hapke and Kubelka-Munk reflectance models for analyses.  The use of the Hapke model 
incorporated into the Muirhead technique allowed for the generation of the absorption and 
scattering coefficients for the dry TSS on the glass fiber filter.  But a major disadvantage of 
the Hapke Model is its high degree of complexity (Muirhead, personal communication, 
February 2003).  Once the ultimate reflectance values are obtained, they could then be used 
in a comparative spectral analysis between different “pure” sample suspensions and the 
mixture sample suspensions by plotting the ultimate percent reflectance (%R) on the Y-axis 
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versus wavelength on the X-axis.  This Muirhead technique was used to evaluate and 
determine that the capture of 50 milligrams or greater of silt and clay solids being used in this 
research would yield the ultimate reflectance by generating an infinite layer of solids on the 
filter without numerous TSS analyses (shown in Figure 2.1).  Therefore, 100 milligrams of 
mass loading was chosen to safely exceed the amount of solid necessary to achieve an 
infinite layer of solids capture while also allowing for accurate weight measurements.  This 
heavy loading allowed for a single direct measurement of the ultimate reflectance thus 
eliminating the need to conduct a series of sample filterings and scannings of increased mass 
loading.  This allowed the research to be concentrated more toward the experimental sample 
mixtures and the analytical methods by which to evaluate those mixture experiments to 
determine the degree of solids predictability.  This approach, however did not allow for the 
determinations of the absorption and scattering coefficients of each individual constituent 
and/or mixtures of these constituents. 
 Each constituent was weighed and combined with the other constituents to create 
varying compositions of solid mixtures that totaled 0.1 grams.  These dry, pre-weighed solid 
mixtures were then mixed with distilled water to achieve a 100 ml solution.  All pure samples 
and composite mixtures were vacuum filtered through separate glass fiber filters to capture 
and determine the total suspended solids and volatile suspended solids (VSS).  This was done 
in accordance with the experimental procedure and laboratory Methods 2540 D and 2540 E, 
respectively, given in the 20th Edition of Standard Methods for the Examination of Water and 
Wastewater (Eaton et al., 1998).  Upon completion of the TSS analysis, the dried captured 
solids were digitally scanned following the spectrophotometer procedure given below.  Then 
the glass fiber filters were placed in the muffle furnace for ignition of organic solids 
following Method 2540 E. After the ash weight was obtained, the remaining solids were 
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digitally scanned a second time for the color determination of the inorganic solids.  The TSS 
laboratory equipment is pictured in Figure 2.2. 
  
FIGURE 2.2 – PHOTOGRAPH OF LAB FILTERING APPARATUS & ASSOCIATED 
EQUIPMENT 
 
2.2  Preliminary Solids Selection Study 
 The laboratory testing of silt, clay, and algae samples arose through preliminary 
investigation into the development of the statistical design plan for a spectral sample mixture 
analysis within the framework of this dissertation.  These preliminary examinations led to the 
modeling contained within this dissertation and focused this research to known, identifiable, 
and traceable amounts of clay sources and silt standard samples.  The spectral mixture 
analyses of known suspended matter in a laboratory environment maximized input variable 
control and thereby minimized the experimental error and the number of uncontrollable 
variables that are associated with field sampling. 
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 The clay sources used as standard samples were obtained through Dr. R.E. Ferrell.  
An ISO silt standard was obtained through Dr. R.F. Malone, and pure algae samples were 
obtained through Dr. K.A. Rusch.  These samples were used in the initial investigation and 
determination of spectral reflectance results.  This research focused on mass weighted 
mixtures of the clay and silt standards shown in Table 2.1. 
 The clay sources selected and used were of similar colors and were representative of 
silt and clay that might be in the suspended sediments typically found in natural streams.  
The close similarities of the brown and earth tone colors of the silt and clay sources selected 
provided a significant challenge in solids identification of closely related materials as 
opposed to the choice of dissimilar materials that would have favored easier detection.  The 
resulting absorbance coefficients and associated reflectance would be expected to vary with 
changing sample particle size distribution and texture.  Therefore, the varying reflectance due 
to particle size distribution differences was kept to minimum by using solids samples with 
similar textures and colors.  This allowed for more consistent and reproducible comparisons 
throughout lab analyses and research. 
 The differences in TSS-color were investigated through the creation of homogeneous 
suspended clay sources in dionized water.  The reflectance data presented in the graphs are 
the averages of four scans from each “pure” sample captured on a Whatman GF/F glass 
micro-fiber filter.  The initial investigation utilized 0.3 grams of each solid, excluding the 
algae sample.  Each was weighed at room temperature and humidity.  The solid samples were 
then mixed with 100 ml of deionized water (DI) in an Erlenmeyer flask using a magnetic 
stirrer bar for a minimum of 15 minutes to maximize suspension of particles.  This high 
concentration of solids was chosen to reduce solids weighing errors and to ensure that an 
infinite layer of suspended solids was captured during the filtration process thereby 
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eliminating any possible influence of the glass fiber filter on the spectra.  The eleven 
different “pure” solid samples and their descriptions with sample identification numbers are 
listed in Table 2.1. 
 
TABLE 2.1 – SAMPLE TYPES AND DESCRIPTIONS 
 
Sample 
ID 
Sample 
Name Sample Type Sample Description and Source 
1 Blank Filter Glass Fiber 
Whatman GF/F Cat No. 1825 047, lot # D1317084, 0.7 
micron pore size 
2 Az Tst Dust Silt Arizona Test Dust ISO 12103-1, A4 Coarse, 8-28-04 AST
3 Sample 25 
Clay, 
Smectite 
Family Ca/Na Montmorillonite, Chihuahva, Mexico, S. Warne 
4 SwY 1 
Clay, 
Smectite 
Family 
Na Montmorillonite, Cook County, Wyoming, Clay 
Mineral Society 
5 SAZ 1 
Clay, 
Smectite 
Family Montmorillonite, Cheto, Arizonia, Clay Mineral Society 
6 Sample 32 
Clay, 
Kaolinite 
Family Kaolinite Jumble, Mixture of Kaolins, Dr. Ray Ferrell 
7 Sample 239 
Clay, 
Kaolinite 
Family Thiele 239 Kaolinite, Clay Mineral Society 
8 Sample 42 
Clay, 
Kaolinite 
Family 
Attapulgite, S. Warne, Clay Mineral Society, Combination 
of several types of layered clay minerals. 
9 Sample F 
Clay, 
Kaolinite 
Family Hydroxyls, Clay Mineral Society 
10 Sample 46E1921 
Clay, Chlorite 
Family 
Chlorite Test Chips, Madison County, N. Carolina, USA, 
Ward's Natural Science Establishment Study Pack 
11 Sample 46E0315 
Clay, Illite 
Family 
Green Shale Illite, Rochester, New York, USA, Ward's 
Natural Science Establishment  
12 Algae Selenastrum, pure culture 
Dr. Kelly Rusch, Civil & Environmental Engineering 
Department, Louisiana State University 
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The sample mixture solutions are shown in Figure 2.3 with the same sample identification 
numbers presented in table 2.1 and the resulting TSS data for the investigation of these pure 
mixture solutions are presented in Table 2.2. 
 
 
FIGURE 2.3 – SILT, CLAY, AND ALGAL SUSPENSIONS 
 
  
TABLE 2.2 – AMOUNT OF CAPTURED SOLIDS 
Solids Analyses Water Quality Laboratory, 3209 CEBA
Sample Date / Time / Analyst: N/A  Experimental System: Preliminary Solids Analyses 
Testing Date  / Time / Analyst: 10/07/04 at 1:30 PM by Curtis Sutherland  Calibration weight: 1 gram
Circle Parameter being determined  TSS @ 105ºC / VSS @ 550ºC; TDS @ 180ºC ; TS @ 105ºC /VS
Sample ID
Pan 
Number
Tare Wt. 
(grams)
Volume 
Filtered (ml)
Final Wt. 
(grams)
Ash Wt. 
(grams) Solids (g) TSS (mg/L) VSS (mg/L) Comments
Blank 1 1.1172 100 1.1172 1.1172 0.0000
0.0
0.0
Mass (g) of solids 
add to DDI H2O
Arizona Test Dust 2 1.1129 100 1.3659 1.3595 0.2530 2530.0 2466.0 0.3001
Sample #25 3 1.1150 100 1.3641 1.3458 0.2491 2491.0 2308.0 0.3005
Sample SwY 1 4 1.1110 50 1.2313 1.2212 0.1203 2406.0 2204.0 0.3008
Sample SAZ 1 5 1.1117 100 1.3749 1.3398 0.2632 2632.0 2281.0 0.3006
Sample #32 6 1.1126 100 1.3905 1.3638 0.2779 2779.0 2512.0 0.3003
Sample #239 7 1.1035 100 1.3801 1.3464 0.2766 2766.0 2429.0 0.3005
Sample #42 8 1.1031 100 1.3851 1.3615 0.2820 2820.0 2584.0 0.3006
Sample F 9 1.1091 100 1.401 1.3798 0.2919 2919.0 2707.0 0.3001
Sample 46E1921 10 1.1137 100 1.4056 1.4018 0.2919 2919.0 2881.0 0.3005
Sample 46E0315 11 1.1127 100 1.3969 1.3847 0.2842 2842.0 2720.0 0.3003
Algae (ZZZ) 12 1.1100 100 1.1174 1.1111 0.0074 74.0 11.0
Reviewed by: Curtis Sutherland Date: 10/15/2004
 
 
 The experimental results were documented using a digital camera to illustrate the 
visual color variations of the captured solids on the filters from the different water sample 
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types.  The eleven different solid/water mixtures were filtered to capture the suspended solids 
and are shown in Figure 2.4.  The captured suspended solids were scanned for reflectance  
 
 
FIGURE 2.4 – PHOTOGRAPH OF CAPTURED SUSPENDED SOLIDS 
(PAN #: 1ST ROW - 3,6,9,12; 2ND ROW - 2,5,8,11; 3RD ROW - 1,4,7,10) 
 
using the Digital Swatchbook.  After the TSS spectrums were obtained the TSS samples were 
placed in the laboratory muffle furnace for combustion of the organic matter.  The remaining 
inorganic mineral matter (the fixed or ash solids) was then scanned for the reflectance of 
inorganic matter as shown in Figure 2.5. 
 The average reflectance spectra for the eleven different captured solids from the 
preliminary TSS and inorganic analyses are shown in Figures 2.6 and 2.7, respectively.  The 
reflectance spectrums for these samples showed a large range of reflectance intensities.  The 
highest percent reflectance, approaching 100 percent, was the blank glass fiber filter (white 
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in color) while the algae sample had the overall lowest reflectance intensity with the 
characteristically high absorption at the lower wavelengths and at 670 to 680 nm. 
 
 
 
FIGURE 2.5 – PHOTOGRAPH OF CAPTURED INORGANIC SOLIDS 
(PAN #: 1ST ROW – 1,4,7,10; 2ND ROW -2,5,8,11; 3RD ROW – 3,6,9,12) 
 
 The TSS spectrum for Clay 239 had the highest reflectance of all the samples and 
remained relatively constant in that position with respect to the other inorganic spectrums.  
The TSS spectrum for Clay 42 was located at roughly the mean percent reflectance intensity 
of all the samples yet the inorganic spectrum shifted its relative position to a lower percent 
reflectance.  The Arizona Test Dust (Azdust) spectrum was in a group of samples with a low 
percent reflectance and was unique in that it was a silt sample and its relative position did not 
alter with respect to the inorganic spectrums.  Finally, the spectrum for Clay F had the unique 
shape created by the higher and lower slopes at the lower and upper wavelengths ranges,  
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FIGURE 2.6 – SPECTRA OF ELEVEN “PURE” TOTAL SUSPENDED SOLIDS 
 
Reflectance Spectrums of Captured Inorganic Suspended Solids
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FIGURE 2.7 – SPECTRA OF ELEVEN “PURE” INORGANIC SUSPENDED SOLIDS 
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respectively, and the differences of the upper and lower reflectance intensities appeared to be 
greater with the inorganic spectrum.  These interpretations and observations of the various 
spectrums were used to determine the selection of those constituents that would be most 
appropriate for the three and four constituent mixture experiments. 
2.3  Spectroscopy Scanning Procedures and Techniques 
 A portable, hand-held, DTP22 Digital Swatchbook spectrophotometer was used for 
digital scanning to obtain the Spectral Reflectance of TSS.  This spectrophotometer was 
developed by the X-Rite Corporation for digital imaging in the graphic arts industry and is 
pictured in Figure 2.8 photograph below. 
 
    
 
FIGURE 2.8 – PHOTOGRAPH OF DIGITAL SWATCHBOOK SPECTROPHOTOMETER 
 
 The color of the solids are characterized by 32 reflectance spectra bands, each having 
a 10 nm band width, with a range of 390 to 700 nanometers (nm).  The spectrophotometer 
uses a 16-point Dynamic Rotational Sampling (DRS) engine to measure the amount of 
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reflected light across the visible spectrum.  The DRS engine is essentially a high speed 
rotating wheel of 16 discreet narrowband interference filters that allow a narrow part of the 
reflected white light spectrum to illuminate the photo detector.  Figure 2.9 shows a simplified 
drawing of the Swatchbook spectrophotometer design with light sources located at 45° to the 
substrate and the optic at 0° to the substrate. 
 
FIGURE 2.9 – BASIC SCHEMATICS OF SPECTROPHOTOMETER 
 
 The different filters allow the engine to sample the amount of reflected light at 20nm 
intervals.  The instrument uses a mathematical interpolation process to calculate the 
intermediate data points at 10 nm intervals.  The use of different filters, in conjunction with 
the mathematical interpolation process, permits the calibration of all the bandwidths 
simultaneously with a white opal standard due to the fact that the reflected light of the 
“white” standard is a combination of all the color wavelengths.  A black calibration is used to 
set zero reflectance, theoretically 100 percent absorption, which adjusts for electronic noise 
and/or drift.  The opal standard has assigned spectra numbers, which are programmed into 
Lamp 
Optic
Filters
Detector
 
Captured Solid on 
   Glass Filter 
Lamp 
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the instrument so that the resulting reflectance is traceable to any international standard.  The 
light source is three gas pressure tungsten 2850°K lamps. 
 The custom component specifications and processing details of the Swatchbook 
instrument are proprietary, but additional operational details of the color engine are disclosed 
in US Patent 4,080,075.  Figure 2.10 shows the effects of separating white light spectrum 
into discrete spectra slices to generate a more accurate and precise means of measuring color.  
The descrete spectra slices (bands) can be individually measured so that the effect of the 
suspended solids on the reflectance of light can be measured for each band. 
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FIGURE 2.10 – SPECTRUM SEPARATION IN BAND WIDTHS 
 
 Figure 2.11 shows the effect of a light filter that absorbs certain wavelengths of light 
thereby projecting a unique reflectance (i.e., blue filter absorbs red light, red filter absorbs 
green light, and yellow filter absorbs blue light).  The captured suspended solid on the glass 
filter  affects the intensity and wavelength of light being reflected back to the detector 
through different absorb and scatter coefficients which will change depending on the 
characteristics, the amount, and the type of solids present. 
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FIGURE 2.11 – WHITE LIGHT REFLECTING RELATIONSHIP TO FILTERS (TSS) 
LIGHT ABSORPTION 
 
 The scanning method for each sample followed the process and techniques described 
in the User Manual of DTP22 Digital Swatchbook (X-Rite, 1998) in conjunction with the 
scanning technique and methodology described by Muirhead (1998).  The hand-held 
spectrophotometer was placed directly over the captured TSS for scanning of the solids in 
less than one minute.  The reflectance spectra were recorded directly into the Colorshop 
software on a desktop or laptop computer.  The reflectance spectrum, or color, actually 
describes the surface properties of media being scanned through the effects of absorbance, 
transmittance, reflectance (back scattering), and emission.  This spectral signature may be 
linkable to the particulate organic and inorganic content of the TSS, possibly allowing for 
determination of the TSS type and amount.  If necessary, the spectral data can be converted 
to color spaces parameters such as Tristimulus data (Hue/Saturation/Lightness [HSL] or red, 
green, and blue [RGB]) or Commission Internationale de I’Eclairage (CIE) XYZ, CIEvxyY, 
CIE L*a*b*, or CIE L*C*H).  
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 Figure 2.12 shows the instrument/software output of the actual color and the variation 
in shades of brown due to increased sediment amounts captured by filtration of 40, 50, 80, 
and 100 milliliters of a sand boil water sample on different filters.  This additional pre-work 
shows that each filter was scanned four times (designated by the numbering 1, 2, 3, and 4) to 
account for variations in deposit of TSS in the filtration process.  The spectrum displayed in 
the figure is the fourth scan of the duplicate filter for 50 milliliters of a sand boil sample 
(Sand Boil 2-50 ml-4, highlighted with the black border).  Also shown in Figure 2.12 are 
actual color variations from filtering 100, 300, and 400 milliliters of Mississippi River water. 
 
 
FIGURE 2.12 – REFLECTANCE SPECTRUM SCAN OF SAND BOIL TSS 
 
 The CIE Standard Reference D65 Light Source in the Digital Swatchbook software 
(Colorshop [TM], Version 2.6.0) was selected because it is based on the actual spectral 
measurements of daylight at a color temperature of 6,504 degrees Kelvin and is the most 
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common illuminant used.  However, the measured spectral data are independent of both the 
device and illuminant lighting source because the spectral data actually measures percent 
reflectance of the light at each band width.  Therefore, the spectral data results are a measure 
of the solid surface properties (i.e., particle type, size, and shape) due to the absorption and 
scattering of light by the solids present. 
 The Swatchbook spectrophotometer was calibrated on a daily basis using its paired 
ANSI (American National Standards Institute) opal standard as instructed in the User 
Manual, Section 2, “Calibration and Measurement.”  Upon calibration, the blank filters, used 
as the TSS quality control samples (filtered 100 mls of deionized water) were scanned to 
establish the reflectance associated with each lot of Whatman GF/F 0.7 micrometer glass 
fiber filters.  The maximum reflectance value of the white control filter corresponds to the 
maximum at which the background filter media could contribute to the reflectance (i.e., zero 
solids loading). 
 Variations in the determination of the ultimate spectral reflectance of an infinite layer 
of solids were minimized by using completely mixed water samples to maximize the solids 
distribution during water sample preparation and TSS filtration analysis and by taking the 
average of four separate spectral data scans, one scan from each quadrant of the same filter to 
compensate for any potential uneven solids distribution that may have occurred during 
filtration. 
 All work was performed according to applicable specifications to ensure that the 
quality of work being carried out and the derived data meets the quality control measures and 
are documented per standard procedures set forth in Standard Methods, the Louisiana 
Department of Environmental Quality Assurance Document for the Civil and Environmental 
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Water Quality Laboratory, the National Environmental Laboratory Accreditation Conference 
Standards, and the Environmental Protection Agency Quality Assurance R-2 documentation. 
 In this research study the three-constituent mixture analysis has 19 observations, or 
19 y’s, with 32 regressors, or x’s.  This translates to having 19 equations with 32 unknown 
coefficients needing to be determined.  This type of problem is considered an ill-conditioned 
regression problem while the four-constituent mixture analysis has 81 observations with 32 
regressors.  Both the three and four-constituent mixture analyses were solvable with three 
main regression techniques called multiple linear (signal) regression, principal component, 
and partial least squares method (Frost, 1999). 
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CHAPTER 3. STATISTICAL METHODS AND TECHNIQUES 
 
 This research utilized three different statistical techniques to evaluate the spectral 
signature data from the captured total suspended solids and inorganic suspended solids in 
order to evaluate which method would prove to be most reliable.  These three techniques are 
Principal Component Regression (PCA), Partial Least Square (PLS) Regression, and a 
relatively new multiple linear regression (MLR) technique introduced by Eilers and Marx, 
1996, called P-splines Signal Regression (PSR).  Several data smoothing methods are 
available, such as moving averages or exponentially weighted moving averages (Hastie, 
1990, Berthouex, 1994) or kernel smoothers (Silverman, 1986; Hardle, 1990) and LOWESS 
(Cleveland, 1979) (as cited in Eilers & Marx, 1996) with several spline varieties, such as 
smoothing splines, regression splines, and B-spline (DeNoyer, 2002, Dodd, 2002, Eilers and 
Marx, 1996) used for solving data-rich problems.  The technique introduced by Eilers and 
Marx utilizes B-splines with an incorporated difference penalty in the estimation coefficients, 
henceforth called, Penalized Signal Regression (PSR) or P-spline technique.  The PSR, PCA, 
and PLS statistical methods were used to determine the relationship between percentage of 
solids known to be present and the observed reflectance signatures.  These relationships or 
models were run for both a three and four-constituent mixture experiment that generated the 
TSS and inorganic spectra of the captured solids matter and also investigated the influence of 
the pure sample mixture data being included and excluded from the mixture data analyses. 
3.1  Linear Regression 
 A linear regression model specifies the relationship between a dependant variable, y, 
(the TSS response variable), and a set of independent variables, x, (the spectra predictor 
variables at each wavelength) so that,  
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 y = β0 + β1x1 + β2x2 + ... + βnxn + Єn (3.1) 
In matrix notation, the linear model is,  
 Y = Xβ +  Є (3.2) 
where, 
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 The assumptions for these regression models were that the data was normally 
distributed, independent, and had homogeneous variance (NOR[0, σy.]) (Hair, 1984).  Under 
these assumptions, the estimates of the elements of the parameter vector β are given by the 
least squared solution to normal equation as (Cornell, 1981), 
 β = (X’X)-1X’Y (3.4) 
 
 The solutions for the coefficients in the above normal equation result from 
minimizing the sum of squared residuals, S, between the actual observed y data and the 
predicted y values by minimizing the regression model, 
 ∑
=
−=
m
i
ii yyS
1
2)ˆ(  (3.5) 
where,  
 m22110 x ˆ...x ˆx ˆˆˆ miy ββββ ++++=  (3.6) 
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3.2  Principal Component Regression Analysis (PCA) 
 PCA was performed through the data transformation that reduced the dimensionality 
of the dependent spectral (X matrix) data only, which allowed for a solvable level of “new” 
variables that were linear combinations of the X variables.  These new variables are called 
principal components and encapsulate variation in X-matrix data, starting with the maximum 
amount of variation in X matrix captured within the first principal component.  After that, 
each following principal component captures the next largest amount of variation in the X-
matrix which is orthogonal to the previous component and is therefore uncorrelated to each 
previous principal component. After completion of the X-matrix data transformations, a 
subset of principal components of X is used as regressors on the Y data in a regression 
analysis. The orthogonality of the principal components eliminates the multi-collinearity or 
covariance between variables that can be encountered in other multivariate regression 
techniques.  A constraint or limitation is that the principal components are chosen to explain 
X, only, rather than a correlation between Y and X.  There is no assurance that the 
components that explain and transform the X matrix, are relevant to Y (i.e., the maximum 
fraction of the total variance captured is only through the reduced dimensionality of 
orthogonal principal components of the dependent spectral data which eliminates all 
covariance information).  The optimal number of principal components is determined by 
using the cross validation technique that minimizes the sum of squared errors (see section 
3.4.5). 
3.3  Partial Least Square Analysis of Variance 
 The Partial Least-Square Regression (PLS) technique generalizes and combines 
features from principal component and multiple regression analyses (Abdi, 2003).  Partial 
least square regression has been used in various disciplines such as chemistry, economics, 
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medicine, psychology, and pharmaceutical science where predictive linear modeling, 
especially with a large number of predictors, is necessary.  PLS originated in the social 
sciences of economics and quickly became popular in computational chemistry 
(chemometrics) where it has become a standard tool for modeling linear relations between 
multivariate measurements (Wold, 1966, Hair, 1984, de Jong, 1993, Hasegawa, 2002). 
 PLS regression has now become the tool of choice in most sciences as a multivariate 
technique for non-experimental and experimental data alike.  It is particularly useful when 
there is a need to predict a set of dependent variables from a large set of independent 
variables (i.e., predictor variables).  Specifically, in situations where there are more 
regressors, or in other words, more coefficients to be estimated, than there are observations, 
where traditional multiple regression techniques break down and are not able to solve the 
normal equations for solutions to the coefficient.  When the number of predictors is large 
compared to the number of observations, the X matrix is likely to be singular and there is no 
solution for the matrix inverse. 
 Instead of using the original regressors, X’s, PLS constructs new explanatory 
variables, often called factors or latent variables, where each latent variable is a linear 
combination of the original explanatory variable. PLS analysis was conducted that searched 
for and found components or latent variables from X matrix that were relevant or correlated 
to Y matrix by using the X’Y matrix in the data transformation to explain as much as 
possible of the covariance between X and Y.  The goal of PLS regression is to predict Y from 
X and to describe their common structure by reducing the dimensionality of a problem to a 
solvable number of linear combinations.  The PLS regression equation will then take the 
form, 
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 iyˆ  = β0 + β1T1 + β2T2 +…+ βiTi, (3.7) 
 
where each latent variable, Ti, for i<n, is a linear combination of the explanatory variables 
that are constructed orthogonally so that the sample correlation for any pair of latent 
variables is zero. The first component T1 has the following form, 
 
 T1= r1X1 + r2X2 + … + rmXm (3.8) 
 
where, the loadings r are the simple linear correlations between the dependent variable y and 
the explanatory variable X (i.e., r1 = corr (y, x1), r2 = corr(y, x2), … rm = corr(y, xm)) (Wold, 
1966, Wold, 1983, Na Hua, 2000). 
 In matrix terms, the latent variables are extracted from the X'Y matrix. Therefore, the 
number of such prediction functions that could be extracted from the Y and X variables could 
be infinite (Barabás, et al., 2004) but an optimum number can be determined through 
minimization of the cross validation number.  This ability makes the PLS regression least 
restrictive of the various multivariate extensions of the multiple linear regression models.  
This flexibility allows it to be used in situations where the uses of traditional multivariate 
methods are severely limited, such as ill-conditioned problems (Marx and Eilers, 1999) 
mentioned above or as an exploratory analysis tool to select suitable predictor variables and 
to identify outliers before classical linear regression.  The Partial Least Square Regression 
provided an analysis of variance of latent variables that capture variance and covariance 
relationships between dependent spectral and explanatory composition data with the 
optimum number of variables determined by minimizing the Sum of Squared Errors (SSE) 
using a Cross Validation (CV) technique (See Section 3.4.5).  A common thread between the 
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PCA and PLS analysis is that the results of both analyses will still be the same even if the 
ordering of the wavelength data is changed.  
3.4  Signal Regression Analysis 
 The Signal Regression Analysis (SRA) is ideal for ill-conditioned problems where 
there are a high number of regressors and few experimental data samples for investigation.  
B-spline signal regression analysis is a method in which the signal curve (spectrum) is fitted 
or described by the sum of a number of polynomial curves.  These polynomial curves (B-
splines) use local basis influences to optimize a penalty coefficient by purposely overfitting 
with a large number of equally spaced B-spline curves.  The Linear regression relates the 
spectral signatures to the composition of mixtures by, 
 
1)( ××= ppmXyE β  (3.9) 
 
 The classical linear regression analysis matrix algebra breaks down when there are 
fewer samples or equations, (19 in the case of the three constituent analysis) with 32 
unknown β’s to calculate (one for each reflectance value) and given by, 
 
YXXX ')'(ˆ 1−=β  (3.10) 
 
 The Penalized B-spline (P-spline) Signal Regression (PSR) starts with the B-splines 
basis function for data smoothing that incorporates a penalty in estimating the regression 
coefficient.  The B-spline is a bell shaped curve that resembles a Gaussian density 
distribution curve which is made up of several polynomial segments.  These polynomial 
segments are connected at the points of inflection which are called knots.  The B-splines have 
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only limited local support or influence and are very attractive as the basis function because 
the base matrix B is just a sequence of B-splines.  Then the only issue becomes how to 
determine the number and placement of B-spline knots.   
 The spectral signals reflectance values are ordered along the optical wavelengths 
from 390 to 700 nanometers as shown in Table 3.1.  This data characteristic implies that the 
regression coefficient, beta (β), must be ordered as well.  Taking advantage of this data-
ordering characteristic, a reasonable assumption can be imposed so that the β’s themselves 
must be smooth and therefore the changes in values of the adjacent β’s must be small (i.e., 
small difference between the adjacent β values).  How to fit the B-splines can be determined 
by adjusting and controlling their magnitude of change through the use of a penalty 
coefficient to control the changes in the values of the adjacent β. 
 
TABLE  3.1 – MATRIX FORM OF THREE-CONSTITUENT SPECTRAL DATA  
X19x32  = 
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 Utilizing β itself might be unattractive because of the enormous amount of data that 
can be generated from some spectrophotometer instruments (i.e., hundreds or even thousands 
of wavelengths data points), but the PSR method is ideal for ill-posed problems with a large 
number of regressors and few experimental data samples for investigation.  An advantage of 
the PSR technique is the dimension reduction that occurs by the projection of the regression 
coefficients onto the B-splines and the smoothing that is incorporated by controlling the 
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degree of the penalty coefficient.  The PSR technique avoids how and where to locate the 
knots and the associated B-splines by purposely overfitting β’s with equally spaced B-
splines.  The PSR technique for using n B-splines to construct β imposes a difference penalty 
on α to regularize the estimation.  The estimated value in the Penalized signal regression 
method is given by, 
 
 1)( ××= ppmXyE β  (3.11) 
 
where, X is the matrix of spectral reflectance values (regressors), and β is the unknown 
spectra coefficient vector and p>>m. 
 
 11 ××× = nnpp B αβ     n: 10~15 (3.12) 
 
where, α is a vector of base coefficients that control the magnitude of adjacent B-splines, and 
B is the base matrix in which the columns are the B-splines values and the rows are the 
number of B-splines.  The PSR model can now be expressed by,  
 
 αα UXByE ==)(    where, XBU nm =×  (3.13) 
 
 The penalized signal regression has two goals.  The first goal is to minimize sum of 
squared differences, S = ||y – Uα||2, while maintaining the second goal of achieving a low 
roughness R= ||Dα||2.  The introduction of a penalty coefficient allows for optimum balance 
between the sum of squares and the roughness values in one function.  This objective 
function is given as, 
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Q = S + R = ||y - Uα||2 + λ ||Dα||2  (3.14) 
 
The minimization of the objective function can be determined by taking the derivative with 
respect to alpha, α, that gives the following equation  
 
yUDDUUQ dd ')''(ˆ0 1−+=→=∂
∂ λαα  (3.15) 
 
The penalty parameter λ determines smoothness by, 
 
 yUDDUU dd ')''(ˆ 1−+= λα  (3.16) 
 
and, λαβ ˆˆ 132 B=×  and λλ βˆˆ Xy =  (3.17) 
 
therefore, 
 
 yHUXBy λλλλ αα === ˆˆˆ  (3.18) 
 
where, ')''( 1UDDUUUH dd −+= λλ  (3.19) 
 
 The trace of the Hat Matrix is the effective dimension (Trace (H) = effective 
dimension) which is an indication of the smoothness that the β’s exhibit (i.e., a low effective 
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dimension indicates a smooth transition curve of the β’s while a high effective dimension is 
an indication of an erratically changing or undulating β curve. 
 The incorporation of the penalty coefficient term, lambda (λ), adds minimal 
computational work since the U’U and U’y matrix computations do not change and do not 
need re-computing when searching for the lambda that minimizes the cross validation sum of 
squared errors (Na Hua, 2005).  When lambda becomes equal to zero, the above equation 
reduces to, 
 
 yUUU ')'(ˆ 1−=α  (3.20) 
 
and the problem then reduces to the partial least squares solution.  As the lambda (λ) 
increases the data becomes smoother and as lambda (λ) decreases the data becomes less 
smooth. 
 A difference coefficient, α, controls the roughness (R) which is given by: 
 
∑
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1)( αα   for first order d=1 (3.21) 
 
    || Dd α ||2 = α’Dd’ Dd α (3.22) 
 
Examples of first, second and third order penalty matrices (D) for small dimensional 
problems are shown below, 
 
  
 
47
First Order, 
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In this research a third order difference was used for the roughness coefficient.  The 
equations below show how the third order difference controlled the roughness coefficient by 
dictating how many adjacent alphas are associated with each other and ultimately controlling 
the roughness. 
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Conducting the matrix multiplication gives, 
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which can be rearranged as follows, 
= ⎥⎦
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−−−−−−−
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12232334
αααααααα
αααααααα
 (3.28) 
 
 Graphs 3.1 through 3.4 taken from Marx (2004), demonstrate the smoothing resulting 
from the controlling action induced by the roughness coefficient that is inherent in the P-
spline technique.  The bold upper line is the graphical representation of the regression 
coefficients (β’s) that is constructed by summing the values of all of the lower B-splines 
together at any given point (summing the column values of the base matrix B). 
 
 
FIGURE 3.1 – ADJACENT ALPHAS VARY GREATLY (FIGURE FROM MARX, 2005) 
 
 
FIGURE 3.2 – ADJACENT ALPHAS VARY SLIGHTLY (FIGURE FROM MARX, 2005) 
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FIGURE 3.3 – ADJACENT ALPHA INCREASING BY EQUAL AMOUNTS  
(FIGURE FROM MARX, 2005) 
 
 
      FIGURE 3.4 – ADJACENT ALPHA ARE EQUAL (FIGURE FROM MARX, 2005) 
 
3.5  Statistical Cross-Validation Strategy 
 P-spline signal regression, Principal Component, and Partial Least Square analyses 
were applied to the spectral signature data to predict the composition of total suspended 
solids.  The PSR, PLS, and PCA models were evaluated by comparing the Standard Error of 
Prediction (SEP) performance using a validation data set that was separate or external from 
the training data sets.  An external validation set was used to show viable SEP for future 
scans and sampling predictions.  The steps followed to conduct above tasks are listed below. 
1) Created and identified the training data sets and the validation data sets to be utilized 
by the PSR, PCA, and PLS models for the three and four-constituent mixture 
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experiment.  The training data sets for the three-constituent mixture experiment 
consisted of 13 and 16 data points that correspond to the analyses to be conducted 
with and without pure mixture samples included in the data set.  The training data sets 
for the four-constituent mixture experiment consisted of 69 and 73 data points that 
represented the analyses being conduced with and without pure mixture samples, 
respectively.  The validation data sets included six and eight data points from the 
three and four-constituent mixture experiments, respectively.   The validation data 
sets remained the same for the “with and without” pure mixture analyses. 
2) Created a profile plot of CVSEP (i, -i) for each of the training data sets against PSR 
model’s penalty coefficient, PCA model’s number of principal components, and the 
PLS model’s number of latent variables. 
3) Determined and chose the optimal model parameter, penalty coefficient, (λ) for PSR, 
or the number of principal components (Kpca) for PCA, or the number of latent 
variables (Kpls) for PLS at the minimum CVSEP for each statistical method. 
4) Conducted PSR, PCA, and PLS model comparison and evaluation by using the 
validation data sets from the three and four-constituent analysis to compute Standard 
Error of Prediction (SEP). 
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5) Iterated through the Cross Validation (CV) technique in the following steps: 
Fix penalty coefficient, remove the ith observation from the training data set 
Leave-one-out CVSEP:  
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iiy −,ˆ  is predicted value at the ith point using the training data without the ith 
point 
Fit Model without the ith observation (-i),  
Predict at (-i) location using model (-i), 
Then calculate SEP for (-i) location,  
Cycle through all i’s, 
Summarize with CVSEP, 
Repeat for λ, Kpca, or Kpls along grid search to seek the model parameters that 
corresponding to minimum CVSEP based on training data set. 
 
The PSR method uses the hat matrix, H(λ), calculation to determine the CVSEP with 
one fit by using the diagonal element. 
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where, hii is the ith diagonal element of the hat matrix H. 
 The optimum model parameters were calculated from the model training data set 
through the minimization of the cross validation error.  The numerical value of model 
parameters λ, from the PSR method, Kpca, from the PCA method, and Kpls, from the PLS 
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method, that generate and coincide with the minimum CVSEP values are selected as the 
optimal model parameters. 
 The optimum penalty coefficient, λopt, the optimum number of latent variables, Kplsopt, 
and the optimum number of principal components, Kpcaopt, were used in the model 
calculations for the determination of the Standard Error of Prediction (SEP).  The SEP 
calculations used the optimum parameters and an external validation data set to calculate the 
predicted values that are used in the determination of the sum of squared error for prediction.  
The SEPs for each model was then used to compare and evaluate external prediction 
performance between each statistical method. 
 The S-plus scripts for three and four-constituent PSR, PCA, and PLS analyses are 
presented in Appendix N as follows: 
1) Script N.1 – Penalized Signal Regression for the Three-Constituent TSS and Inorganic 
Analysis with and without pure mixtures; 
2) Script N.2 – Principal Component Analysis for the Three-Constituent TSS and 
Inorganic Analysis with and without pure mixtures; 
3) Script N.3 – Partial Least Squares Analysis for the Three-Constituent TSS and 
Inorganic Analysis with and without pure mixtures; 
4) Script N.4 – Penalized Signal Regression for the Four-Constituent TSS and Inorganic 
Analysis with and without pure mixtures; 
5) Script N.5 – Principal Component Analysis for the Four-Constituent TSS and 
Inorganic Analysis with and without pure mixtures; 
6) Script N.6 – Partial Least Squares Analysis for the Four-Constituent TSS and 
Inorganic Analysis with and without pure mixtures. 
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CHAPTER 4.  RESULTS AND DISCUSSION OF RESEARCH FINDINGS 
 
4.1  Suspended Solids Results 
 A preliminary study was conducted to determine the amount of solids that would be 
required to capture an infinite layer on the filter to assure that the measured reflectance for 
this main study would not be influenced by the white glass fiber filter.  The initial 
preliminary study was conducted with 0.3000 grams of total solid mass.  The preliminary 
study showed that greater than 0.0200 to 0.0400 grams would produce an infinite layer on the 
glass fiber filter.  This research finding along with the slow observed filtering rates of 0.3000 
grams of clay led to the use of 0.1000 grams of total solid mass for the entirety of this 
research.  The use of 0.1000 grams of total solids was more than twice the mass actually 
required for an infinite TSS layer (more than 100% safety factor).  It also allowed for 
accurate weighting of small mass increments for generating composite mixtures of solids.  
Thus the total mass of solid loading required to achieve an infinite layer was balanced with 
the ability to accurately weigh the pre-determined amount of individual solids making up the 
mixtures. 
 The percent solids present in each mixture used in the statistical analysis was 
calculated from the actual scale weights of the silt and clay used to prepare the samples.  The 
amount of total sample material weighed for the creation of each mixture was approximately 
0.1000 grams.  The average amount of total solid mass captured on glass fiber filters was 
approximately 0.0900 grams.  Therefore, approximately 10 percent or 0.0100 grams of the 
TSS solids were non-filterable solids that passed through the filter.  This ratio of non-
filterable to filterable solids of each constituent would slightly alter the relative percentages 
of the solids captured on the filter depending on each constituent’s average particle size.  The 
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relative ratio of the Arizona Dust, Clay 239, Clay 42, and Clay F that made up those non-
filterable solids were not statistically pre-determined at the beginning of the experiment.  
Nonetheless, the four-constituent analysis shows that pure mixture TSS data from Arizona 
Dust, Clay 239, Clay 42, and Clay F had a 93.6, 96.5, 97.0 and a 77.1 percent capture, 
respectively.  The differences in the percent solids data captured did not seem to be 
significant between Arizona Dust, Clay 239, or Clay 42, however, Clay F did show a 
significantly lower percent capture. 
 Even though some solids passed through the filter, the captured solids generated an 
infinite layer of solids using one filter.  This heavy mass loading onto the filter paper would 
allow the by-pass of the Muirhead process for determining the relationship between an 
increasing mass (Xm) and the observed reflectance (i.e., Robs = f(Xm)).  By-passing the 
incremental loading process would give up the ability to calculate the absorption and 
scattering coefficient and properties, however, it allowed the actual measurement of the 
ultimate reflectance for the solid mixtures to be determined by use of only one filter.  This 
reduced the number of filterings for each sample and allowed for a greater number of mixture 
samples to be created giving more data to be utilized in the predictive modeling analysis. 
 This research used a high concentration of laboratory-prepared TSS samples to 
produce an infinite layer of solids on the filter.  This high concentration of solids is not 
typical of natural surface water concentrations.  However, this high concentration only 
mimicked the filtration of larger amounts of surface water volumes with typically lower TSS 
concentrations.  The filtering of larger sample volumes of lower solids concentration samples 
would allow the captured of sufficient mass to produce an infinite layer, thereby still 
obtaining a true measure of the spectral reflectance of the lower concentration samples. 
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 The volatile suspended solids analyses for this research used the Standard Method 
(Eaton et al., 1998) procedure which specifies an ignition temperature of 550°C for 20 
minutes to obtain the fixed or “inorganic solids”.  The reflectance intensity of Clay 42 
decrease after ignition and volatilization of the organic matter.  This decrease in the inorganic 
reflectance of Clay 42 was notably different when compared to Arizona Dust and Clay 239.  
The chemical make-up of the TSS and the ignition temperature and time will determine the 
type and amount of fixed solids or residue that remains on the filter.  Davis-Cooley, et al., 
(2003) suggests volatilization of solids at 400°C for 6 hours to prevent positive bias from loss 
of structural water. 
 The percent inorganic to organic matter present in each pure sample was not obtained 
in the initial preliminary work.  This pre-work would have allowed for more precise 
determination of the ratio of organic to inorganic matter of the total material weighed.  The 
determination of the organic to inorganic matter ratio could have allowed for the adjustment 
of the remaining percent inorganic solids on the filter after combustion.  This would have 
allowed for the modeling of the spectral signatures with the adjusted total percent inorganic 
solids present.  The adjustment and modification of percent inorganic solids was not 
conducted because more precise pre-work was not available and the study results for the 
inorganic analysis seemed to be in-line with the TSS analysis results, both of which are 
positive. 
 One silt and three clay samples were chosen for use in two separate mixture analyses.  
The silt that was used is called Arizona Test Dust, product list PP2G1, ISO 12103-1 and it 
was obtained from Powder Technology, Inc. (PTI, 2003).  The three clay reference materials 
that were used are Clay 239, Clay 42, and Clay F obtained from The Clay Mineral Society 
(CMS, 2004).  The three-constituent mixture analysis utilized the Arizona Dust, Clay 239, 
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and Clay 42 as the constituents to create nineteen composite mixtures of varying percentages, 
along with three pure constituent mixtures.  Figure 4.1 is a diagram of the configuration of 
the three-constituent mixture samples showing their positions with respect to percent solid 
composition which followed an experiment by Wulfert et al., 1998 (as cited by Marx and 
Eilers, 1999).  
 
Sample ID 1, 2, 3, 4, 7, 8, 10, 12, 13, 16, 17, 18, 19 - Training Data 
Sample ID 20, 21, 22 – Arizona Dust, Clay 239, & Clay 42, respectively 
Sample ID 5, 6, 9, 11, 14, 15 - Validation Data 
Sample ID 10 - 33% of each constituent 
 
FIGURE 4.1 – THREE-CONSTITUENT MIXTURE DESIGN 
 
 The measured weight percents of the solid constituents in each sample mixture are 
presented in Table 4.1 for the three-constituent mixture experiment. 
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TABLE 4.1 – PERCENT SOLIDS FOR THREE-CONSTITUENT MIXTURE ANALYSIS 
Mixture # Az Tst Dust Clay 239 Clay 42 Total
1 66.5 33.5 0.0 100.0
2 67.3 16.3 16.5 100.0
3 66.6 0.0 33.4 100.0
4 50.1 49.9 0.0 100.0
5 49.9 33.4 16.7 100.0
6 51.0 16.5 32.5 100.0
7 50.0 0.0 50.0 100.0
8 33.3 66.7 0.0 100.0
9 33.3 50.0 16.6 100.0
10 33.2 33.4 33.4 100.0
11 33.4 16.7 49.9 100.0
12 33.4 0.0 66.6 100.0
13 16.6 66.6 16.7 100.0
14 16.4 50.1 33.4 100.0
15 16.7 33.3 50.0 100.0
16 16.7 16.7 66.7 100.0
17 0.0 66.8 33.2 100.0
18 0.0 50.0 50.0 100.0
19 0.0 33.5 66.5 100.0
20 100.0 0.0 0.0 100.0
21 0.0 100.0 0.0 100.0
22 0.0 0.0 100.0 100.0
Weight Percent (%)
 
 
 Data from the three-constituent analyses, the nineteen mixture samples and the three 
pure mixture samples, were separated into two data groups.  The first group of data, with 
sample identification numbers 1, 2, 3, 4, 7, 8, 10, 12, 13, 16, 17, 18, 19, 20, 21, and 22, was 
designated as the training data set and was used to train the models for determining the 
optimum modeling parameters.  The second group of data, with sample identification 
numbers 5, 6, 9, 11, 14, and 15, was designated as the validation data set and was used to 
validate the models for determining the prediction error. 
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 Figure 4.2 is a diagram of the configuration of the four-constituent mixture samples 
showing  their  positions  with  respect  to  percent  solid  composition.   The four-constituent 
 
100% Arizona Dust       100% Clay 42 
 
100% Clay 239        100% Clay F 
   T41 = All four constituents (25% each) 
   P = Pure constituent (100%)—(01, 09, 73, 81) 
   V = Validation data (31, 32, 33, 40, 42, 49, 50, 51) 
  T = Training data consisting of various percentages of constituents 
 
FIGURE 4.2 – FOUR-CONSTITUENT MIXTURE DESIGN 
 
mixture analyses utilized the Arizona Dust, Clay 239, Clay 42, and Clay F as constituents to 
create seventy-seven (77) composite mixtures of varying percentages, along with four pure 
constituent mixtures.  The actual weight percentages of the solid constituents in each sample 
mixture are presented in Table 4.2 for the four-constituent mixture experiment. 
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 The sample mixtures with identification designations of 31, 32, 33, 40, 42, 49, 50, 
and 51 were designated and used as the validation data set in the four-constituent mixture 
analyses while the remaining sample mixtures with identification designations 1 through 81, 
excluding the validation data set, were used for model training.  The data sets in this research 
do not cover the countless combinations of suspended solids nor the large ranges that might 
be present or encountered in various types of natural waters.  The selection of the validation 
data set was from visual selection of inner concentration rings that were readily apparent.  
The validation data may not adequately span the full range of the training data set.  
Therefore, the modeling results of this research must be viewed with some caution due to the 
potential problems associated with the small data sets evaluations. 
4.2  Spectroscopy Reflectance Results 
 Using the Digital Swatchbook, the suspended solids captured on the filter were 
scanned four times (once in each of the four quadrants of the filter) to obtain the percent 
reflectance intensity.  The reflectance values were exported into an Excel Workbook for data 
management that included the averaging of four individual reflectance values into one single 
reflectance value.  This averaging was performed to balance variation in the distribution of 
solids on the glass filter that might have occurred during the filtration process.  The digital 
scanning and data management process was conducted on the TSS (referred to as “organic” 
solids) and the non-volatile fixed suspended solids (referred to as “inorganic” solids).  The 
term “organic” in this study refers to the combination of un-combusted, dried natural organic 
and mineral matter whereas the term “inorganic” refers to the remaining inorganic mineral 
matter after combustion.  The digital scanning processes for the TSS and inorganic captured 
matter were conducted separately for both the three and four-constituent experiments. 
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TABLE 4.2 – PERCENT SOLIDS FOR FOUR-CONSTITUENT MIXTURE ANALYSIS 
Mixture ID Az Dust Clay 239 Clay 42 Clay F Total
1 100.00 0.00 0.00 0.00 100.00
2 87.66 0.00 12.34 0.00 100.00
3 74.88 0.00 25.12 0.00 100.00
4 62.56 0.00 37.44 0.00 100.00
5 50.05 0.00 49.95 0.00 100.00
6 37.72 0.00 62.28 0.00 100.00
7 25.20 0.00 74.80 0.00 100.00
8 12.76 0.00 87.24 0.00 100.00
9 0.00 0.00 100.00 0.00 100.00
10 87.13 12.87 0.00 0.00 100.00
11 76.68 10.95 10.85 1.51 100.00
12 65.14 9.36 21.71 3.78 100.00
13 54.76 7.72 33.10 4.41 100.00
14 43.77 6.18 43.67 6.38 100.00
15 32.87 4.68 54.58 7.87 100.00
16 21.83 3.87 64.68 9.62 100.00
17 10.74 1.91 76.61 10.74 100.00
18 0.00 0.00 87.66 12.34 100.00
19 74.90 25.10 0.00 0.00 100.00
20 65.80 21.80 9.30 3.10 100.00
21 56.39 18.66 18.76 6.19 100.00
22 46.84 15.55 28.18 9.43 100.00
23 37.51 12.24 37.61 12.64 100.00
24 28.18 9.43 46.94 15.45 100.00
25 18.84 6.18 56.13 18.84 100.00
26 9.42 3.21 65.53 21.84 100.00
27 0.00 0.00 74.80 25.20 100.00
28 62.56 37.44 0.00 0.00 100.00
29 54.81 32.67 7.82 4.71 100.00
30 46.62 28.23 15.61 9.54 100.00
31 39.08 23.35 23.55 14.03 100.00
32 31.23 18.72 31.33 18.72 100.00
33 23.25 14.03 39.38 23.35 100.00
34 15.56 9.54 46.89 28.01 100.00
35 7.78 4.89 54.39 32.93 100.00
36 0.00 0.00 62.61 37.39 100.00
37 50.30 49.70 0.00 0.00 100.00
38 43.51 43.81 6.29 6.39 100.00
39 37.44 37.64 12.41 12.51 100.00
40 31.37 31.27 18.63 18.73 100.00
41 24.78 25.17 25.07 24.98 100.00
42 18.64 18.74 31.36 31.26 100.00
43 12.53 12.32 37.47 37.68 100.00
44 6.20 6.20 43.70 43.90 100.00
45 0.00 0.00 50.15 49.85 100.00
46 37.41 62.59 0.00 0.00 100.00
47 32.57 54.85 4.70 7.89 100.00
48 28.20 46.80 9.30 15.70 100.00
49 23.55 38.82 13.97 23.65 100.00
50 18.56 31.24 18.86 31.34 100.00
51 14.04 23.51 23.31 39.14 100.00
52 9.58 15.87 27.94 46.61 100.00
53 4.79 7.78 32.83 54.59 100.00
54 0.00 0.00 37.46 62.54 100.00
55 24.90 75.10 0.00 0.00 100.00
56 21.76 65.27 3.29 9.68 100.00
57 18.73 56.18 6.37 18.73 100.00
58 15.52 47.05 9.31 28.13 100.00
59 12.26 37.59 12.56 37.59 100.00
60 9.43 27.98 15.55 47.04 100.00
61 6.39 18.68 18.78 56.14 100.00
62 3.60 10.47 23.88 62.05 100.00
63 0.00 0.00 24.92 75.08 100.00
64 12.65 87.35 0.00 0.00 100.00
65 11.01 76.58 1.60 10.81 100.00
66 9.42 65.53 3.21 21.84 100.00
67 7.61 54.85 4.70 32.83 100.00
68 6.28 43.77 6.38 43.57 100.00
69 4.70 32.83 7.91 54.55 100.00
70 3.19 21.96 9.38 65.47 100.00
71 1.80 10.98 10.78 76.45 100.00
72 0.00 0.00 12.40 87.60 100.00
73 0.00 100.00 0.00 0.00 100.00
74 0.00 87.30 0.00 12.70 100.00
75 0.00 74.85 0.00 25.15 100.00
76 0.00 62.41 0.00 37.59 100.00
77 0.00 50.10 0.00 49.90 100.00
78 0.00 37.43 0.00 62.57 100.00
79 0.00 25.02 0.00 74.98 100.00
80 0.00 12.49 0.00 87.51 100.00
81 0.00 0.00 0.00 100.00 100.00  
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4.2.1  Reflectance Results for Three-constituent Mixture Experiment 
 Figures 4.3 and 4.4 show the graphical results of the average TSS and inorganic 
reflectance spectrums of the nineteen sample mixtures and the three pure constituent 
mixtures used in the three-constituent mixture analyses.  In both Figures 4.3 and 4.4 the 
upper, the middle, and the lower bold spectrums are the spectra data of pure mixtures of Clay 
239, Clay 42 mixture, and Arizona Dust, respectively.  The remaining 19 reflectance 
spectrums in Figures 4.3 and 4.4 are the spectra data from the composite sample mixtures.  
As seen in Figure 4.3, these 19 spectrums are influenced by the varying percentage of the 
constituents present in those mixtures and are relative combinations (i.e., varying shades of 
color) of spectra from the pure spectrums.  The TSS spectrums have a slight convex or 
“dome” shape curve over the entire spectral range.  The percent reflectance intensities range 
from 0.17 to 0.62 at 390 nm and 0.43 to 0.92 at 700 nm.  The TSS spectrums have an overall 
lower percent reflectance due to the higher absorption and scattering of light by the organic 
matter present in the sample (Davis-Cooley, et. al., 2003). 
 Figure 4.4 shows the average reflectance intensities of inorganic reflectance 
spectrums that originate from the scanning of the residual mineral matter after the 
combustion of the organic suspended solids.  Figure 4.4 reveals a significant shift in the 
percent intensities from the TSS spectrums and a change in the overall shape of the 
spectrums.  Both pure mixtures of Clay 239, (the upper bold spectrum) and Arizona Dust (the 
lower bold spectrum) show an increase in reflective intensity which is due to the destruction 
of  the  organic  matter  and  the  lower absorption and scattering tendencies of the  remaining 
inorganic mineral matter.  However, the reflectance of Clay 42 (the middle bold spectrum) 
decreases in intensity.  This might seem contrary to the above observations and the removal 
of the organic matter; however, this intensity shift is most likely due to the denaturing and 
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FIGURE 4.3 – THREE-CONSTITUENT TSS SPECTRA 
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FIGURE 4.4 – THREE-CONSTITUENT INORGANIC SPECTRA 
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the break down of the clay structure itself due to the removal of water of crystallization, the 
conversion of bicarbonates to carbonates, and/or from the loss of some chloride or nitrate 
salts (Eaton, et al 1998). 
 The inorganic spectrums begin with a more horizontal trend at 390 nm than in the 
TSS spectrums, and then show a slight upward increase in slope around 430 nm for all 
mixtures.  The spectrums then show a decrease in the slope after 470 nm which generates a 
small signature hump in the spectrums.  All of the inorganic spectrums, except the Clay 239 
spectrum, show a tendency to shift curvature from a convex shape to a slight concave shape 
below 610 nm.  The changes in reflectance intensities and unique shifts discussed above are 
depicted throughout the 19 sample mixture spectrums due to the ashing of the organic matter 
by combustion. 
4.2.2  Reflectance Results for Four-constituent Mixture Experiment 
 Figure 4.5 and Figure 4.6 show the graphical results of the average TSS and inorganic 
reflectance spectrums, respectively, of the 77 mixture samples and the 4 pure mixtures used 
in the four-constituent mixture experiments.  As in Figures 4.3 and 4.4 the upper, the middle, 
and the lower bold spectrums in Figures 4.5 and 4.6 are the spectral data of the pure mixtures 
of Clay 239, Clay 42, and Arizona Dust samples, respectively.  The additional bold spectrum 
cutting-across the other spectrums with the highest initial intensity slope from 390 to 570 nm 
is the fourth constituent, Clay F.  The remaining spectrums in Figures 4.5 and 4.6 are the 
reflectance spectra data from the 77 composite sample mixtures.  As seen in Figure 4.5, these 
77 mixture spectrums are influenced by the varying percent of the constituents present in the 
mixtures and are relative combinations of spectra from the pure spectrums.  As in the three- 
constituent spectrums, the TSS spectrums of the samples show the overall trend of a slight 
dome or convex shape. 
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FIGURE 4.5 – FOUR-CONSTITUENT TSS SPECTRA 
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FIGURE 4.6 – FOUR-CONSTITUENT INORGANIC SPECTRA 
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 Figure 4.6 presents the average reflectance intensities of inorganic reflectance 
spectrums that originate from the scanning of the residual mineral matter after the 
combustion of the organic suspended solids.  Figure 4.6 reveals a slight shift from the TSS 
spectrums percent intensities to the inorganic spectrum intensities.  In the four-constituent 
experiment, the reflectance intensity of Clay 42 (the bold red spectrum) showed the same 
significant shift and decrease in the reflectance intensities throughout the 390 to 700 nm 
range while the inorganic reflectance of Clay F shows a more defined decrease from the TSS 
reflectance intensities. 
4.3  Analytical Results 
 This research investigated a three-constituent mixture experiment using Arizona Dust, 
Clay 239, and Clay 42 and a completely separate four-constituent mixture experiment using 
Arizona Dust, Clay 239, Clay 42 and Clay F.  Each mixture experiment was conducted by 
capturing pre-weighed constituents mixed in dionized water on glass fiber filter and then 
scanning the TSS and inorganic solids for spectral analysis.  The deionzed water was used to 
avoid color contributions from dissolved organic carbon (Kirk, 1983).   
 The TSS and inorganic reflectance spectrums were used to conduct three separate 
statistical method evaluations for the predictive capability of percent solids present on the 
filter.  These statistical evaluations were conducted “with and without” the pure constituent 
mixture spectral and TSS data incorporated into the data input files.  The “with” and 
“without” options or scenarios were conducted to evaluate the influences of the pure signals 
on the predictive results (SEP).  Eilers and Marx (2003) presented a PSR approach to the 
statistical evaluation of a mixture design data for 100% ethanol, 100% isopropanol, and 
100% water taken from Wulfert et al. (1998).  Their work evaluated the data from the 
composite mixture samples only and did not include the pure constituents (Marx, verbal 
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communication).  The combination of the above test scenarios generated eight experimental 
options that were modeled for each solid constituent.  Each option was defined by the 
mixture experiment (three or four-constituent analysis), the data spectra type (TSS or 
inorganic), and the data set (with or without the pure mixtures).  The prediction analysis of 
Arizona Dust, Clay 239, Clay 42, and Clay F, for each option was conducted using PSR, 
PCA, and PLS statistical methods. 
 The ignition and volatilization of organic matter left only the inorganic matter 
remaining on the filter for spectral analyses.  If the remaining inorganic matter had not been 
sufficiently thick to create an infinite layer, then there may have been influences in the 
reflectance from the white glass fiber filter.  These influences would have cause the percent 
reflectance to approach the intensity of the white filter and therefore could cause the 
inorganic samples to have over-lying percent reflectance intensity.  Yet, the inspection of the 
TSS and inorganic spectrums showed that all spectrums had significantly different 
reflectance intensities.  The composite mixture spectrums exhibited the progressive intensity 
distinctions and shifts due to the influences of the relative percent changes of the pure 
constituents present and their respective spectrum intensities for both the TSS and inorganic 
spectrums. 
 The interpretations of this research were based on an assumption that each mixture 
had its own unique optical signature (fingerprint) from the combined wavelength spectra 
(i.e., each spectrum’s characteristics were distinctive).  The reflectance intensity distinctions 
that were obtained affirm this assumption.  The statistical modeling results of these spectral 
mixture experiments options are summarized by a set of four graphs that present the 
evaluation for each constituent using each PSR, PCA, and PLS model method.  These 
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graphical results are presented as a four-graph series for each constituent in Appendices A 
through H for the following eight options: 
1) Appendix A, Three-Constituent TSS Spectra with Pure Mixture Samples  
2) Appendix B, Three-Constituent TSS Spectra without Pure Mixture Samples  
3) Appendix C, Three-Constituent Inorganic Spectra with Pure Mixture Samples 
4) Appendix D, Three-Constituent Inorganic Spectra without Pure Mixture Samples 
5) Appendix E, Four-Constituent TSS Spectra with Pure Mixture Samples 
6) Appendix F, Four-Constituent TSS Spectra without Pure Mixture Samples 
7) Appendix G, Four-Constituent Inorganic Spectra with Pure Mixture Samples 
8) Appendix H, Four-Constituent Inorganic Spectra without Pure Mixture Samples 
 A comparison and explanation of the four graphs are covered below by reviewing the 
Arizona Dust constituent results from the three-constituent with pure mixtures experiment for 
PSR, PCA, and PLS methods.  The first plot of the four-graph series shows the final 
predicted values of the training data set charted against the actual observed values for that 
training set data.  Shown in Figure 4.7, 4.8, and 4.9 are the best fit training data for the PSR, 
PCA, and PLS model, respectively.  Comparing these graphs gives a general perspective 
between the models and how closely each comes to an ideal fit (45-degree line).  A close 
comparison of the graphs reveals differences between the locations of the data points with 
respect to the 45-degree line for each modeling method.  For example the sample mixture 
numbers 8, 10, and 12 have actual percentage values of 33.30, 33.20, and 33.37, respectively,  
for Arizona Dust.  The predicted values for these data points in the PSR are 34.55, 33.84, and 
36.88, for the PCA method are 32.68, 33.58, and 36.66, and for the PLS method are 35.58, 
33.81, and 36.63. 
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PSR of Azdust from the Three-Constituent TSS Analyses with Pure 
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FIGURE 4.7 – OBSERVED VERSUS PREDICTED TRAINING DATA FOR ARIZONA 
DUST FROM THE PSR THREE-CONSTITUENT WITH PURE ANALYSIS 
 
PCA of Azdust from the Three-Constituent TSS Analyses with Pure 
Mixtures Training Data
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FIGURE 4.8 – OBSERVED VERSUS PREDICTED TRAINING DATA FOR ARIZONA 
DUST FROM THE PCA THREE-CONSTITUENT WITH PURE ANALYSIS 
 
PLS of Azdust from the Three-Constituent TSS Analyses with Pure 
Mixtures Training Data
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FIGURE 4.9 – OBSERVED VERSUS PREDICTED TRAINING DATA FOR ARIZONA 
DUST FROM THE PLS THREE-CONSTITUENT WITH PURE ANALYSIS 
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 The differences in these numbers can be observed on the graph as a slight shift 
between the respective data points and the 45-degree line.  For the PSR and PLS methods, all 
three predictive points are greater than the actual value and therefore lie above the 45-degree 
line.  For the PCA method, one sample point lies below the 45-degree line, one sample point 
is almost directly on the line and the other sample point is above the line.  Close observation 
of Figures 4.7, 4.8 and 4.9 reveals that the PCA plot has the minimum SEP and therefore the 
best fit data. 
 The final predicted training values were calculated by using the cross validation 
technique described in Chapter 3, Section 3.5.  The validation technique is an iterative grid 
search process where the sum of squared errors is re-calculated for each assigned value of the 
penalty coefficient, number of principal components, and number of latent variables for the 
PSR, PCA, and PLS models, respectively.  The cross validation process is repeated until the 
minimum cross validation sum of squared errors (CVSEPmin) is located 
 This minimum CVSEP generates or produces the best fit model to the training data 
set.  The values for the model parameters; 1) penalty coefficient, 2) number of principal 
components, and 3) number of latent variables at their corresponding minimum CVSEP 
values are then selected as the optimum model parameter for the PSR, PCA, and PLS 
models.  The PSR, PCA, and PLS CVSEP values are plotted as a function of the penalty 
coefficient, λ, with the x-axis data being presented as the power of the penalty coefficient 
(λ=10^Power), as a function of the number of principal components, and as a function of the 
number of latent variables, respectively. 
 The CVSEP diagrams are presented as the second plot in the four-graph series in 
Appendix A through H.  The minimum CVSEP results for the Arizona Dust constituent from 
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the three-constituent with pure mixtures experiment for the PSR, PCA, and PLS methods are 
presented in Figures 4.10, 4.11, and 4.12, respectively.  Figure 4.10 shows that the minimum 
CVSEP of 3.7 for the PSR method occurred at a penalty coefficient of 10-2.   Figure 4.11 
shows that the minimum CVSEP of 3.2 percent occurred at six principal components and 
Figure 4.12 shows that four-latent variables explain the maximum variances and covariance 
in the modeling data with a minimum CVSEP of 3.5 percent.  Comparison of the minimum 
CVSEP between the PSR, PCA, and PLS models confirms that the PCA model best fits the 
training set data by having the lowest CVSEP of 3.2 percent.  
 Throughout the iteration process of searching for the minimum CVSEP, the models 
generate a set of regression coefficients for each search, until the selection of the optimum 
penalty coefficient, principal components, or latent variable that best fits the training set data 
is obtained.  The regression coefficients associated with optimum model are presented in the 
third plot of the four-graph series for each constituent in Appendices A through H.  The 
regression coefficients (β’s) calculated for Arizona Dust in the three-constituent TSS with 
pure mixtures experiment using the PSR, PCA, and PLS analyses are shown in Figure 4.13, 
4.14, and 4.15.  These β’s are plotted with respect to spectral wavelengths/coefficient index.  
The spectral wavelength data was indexed in the computer models using 1 through 32 to 
represent each 10 nm band width ranging from 390, 400, 410, …700 nm to allow for the 
indexing of the β’s.  These β coefficients were use in regression analysis to convert the 
spectral reflectance values into predicted values of the percent solids concentration for each 
constituent.  Comparison of these figures show how the PSR technique has the inherently 
smooth β curve created by imposing the difference penalty covered in Chapter 3, Section 3.4. 
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FIGURE 4.10 – PENALTY COEFFICIENT VERSUS THE CVSEP FOR ARIZONA DUST 
FROM THE PSR THREE-CONSTITUENT WITH PURE ANALYSIS 
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FIGURE 4.11 – PRINCIPAL COMPONENTS VERSUS THE CVSEP FOR ARIZONA 
DUST FROM THE PCA THREE-CONSTITUENT WITH PURE ANALYSIS 
 
Optimum Number of Latent Variables at  Minimum Cross Validation
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FIGURE 4.12 – LATENT VARIABLES VERSUS THE CVSEP FOR ARIZONA DUST 
FROM THE PLS THREE-CONSTITUENT WITH PURE ANALYSIS 
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FIGURE 4.13 – REGRESSION COEFFICIENTS FOR ARIZONA DUST FROM THE PSR 
THREE-CONSTITUENT WITH PURE ANALYSIS 
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FIGURE 4.14 – REGRESSION COEFFICIENTS FOR ARIZONA DUST FROM THE PCA 
THREE-CONSTITUENT WITH PURE ANALYSIS 
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FIGURE 4.15 – REGRESSION COEFFICIENTS FOR ARIZONA DUST FROM THE PLS 
THREE-CONSTITUENT WITH PURE ANALYSIS 
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 The final diagram in the four-graph series is a plot of the actual observed values 
versus the predicted results for an external validation data set.  The data are generated by 
using the previously determined optimum regression coefficients on the validation data to 
predict the estimated (y-hat) values of the percent solids present.  These plots have a 45-
degree line superimposed that represents an ideal data fit (i.e., predicted values would equal 
the actual values).  The graphs show the closeness of fit between the model methods and how 
well each model predicts the external data set.  Figures 4.16, 4.17, and 4.18 show the results 
of the PSR, PCA, and PLS methods respectively, for the Arizona Dust constituent with pure 
mixtures experiment.  A comparison of these graphs reveals how the data points shift relative 
to each other and to the 45-degree line between each method.  As can be seen from the 
graphs, the data point shifts between the PSR and PCA methods are relatively small and 
those data points are farther from the 45-degree line when compared to the PLS method. 
 The predicted and actual validation values are then used in the calculation of the 
Standard Error of Prediction (SEP) for each constituent in the PSR, PCA, and PLS models 
for comparison.  The SEP is the square root of the sum of the squared errors divided by the 
number of data points used in the validation process.  This Mean Squared Errors (MSE) 
method is used for interpreting the results of the model validation.  This method generates a 
single number to represent and compare the model results by explaining the average 
deviations of the predicted data.  The differences of the relative data point locations are 
exhibited in Figures 4.16, 4.17, and 4.18, and become evident when comparing the Arizona 
Dust SEP values of the 2.27, 3.06 and 1.47 for the PSR, PCA, and PLS analyses, 
respectively.  The SEP data shows that the PLS method has the best predictive capabilities 
(lowest SEP) for the three-constituent TSS analysis with pure mixtures for the Arizona Dust 
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PSR of Azdust from the Three-Constituent TSS Analyses with Pure 
Mixtures Validation Data
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FIGURE 4.16 – OBSERVED VERSUS PREDICTED VALIDATION DATA FOR 
ARIZONA DUST IN THE PSR THREE-CONSTITUENT TSS WITH PURE ANALYSIS 
 
PCA of Azdust from the Three-Constituent TSS Analyses with Pure 
Mixtures Validation Data
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FIGURE 4.17 – OBSERVED VERSUS PREDICTED VALIDATION DATA FOR 
ARIZONA DUST IN THE PCA THREE-CONSTITUENT TSS WITH PURE ANALYSIS 
 
PLS of Azdust from the Three-Constituent TSS Analyses with Pure 
Mixtures Validation Data
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FIGURE 4.18 – OBSERVED VERSUS PREDICTED VALIDATION DATA FOR 
ARIZONA DUST IN THE PLS THREE-CONSTITUENT TSSWITH PURE ANALYSIS 
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and therefore produced the best fit validation data as shown in Figure 4.18, when compared 
with Figures 4.16 and 4.17.  It should be noted that the scales for the axes of the observed 
versus the predicted validation data graphs in the Appendices do not cover the full percentage 
range (i.e., 0 to 100%) of the data set due to format limitations.  Therefore the plotted data 
points in those graphs appear to be slightly less accurate than that of the actual data results.  
This is due to the magnification effect on the graphs with shorter scaled axes.  To 
compensate for this limitation and to more accurately present the findings of this research, 
the coefficient-of-determination data for each constituent were calculated and are presented 
along with the standard error of prediction results in Section 4.4.1 and 4.4.2 (Tables 4.21 and 
4.23).  The statistical results for the cross validation and standard error of prediction for the 
three and four-constituent mixture experiments are discussed in Section 4.3.1 through 4.3.8 
and are summarized and presented in the Tables 4.3 through 4.10. 
4.3.1  Three-Constituent TSS Spectra Analyses with Pure Samples (TC-TSS-WP) 
 The Cross Validation (CVSEP) and Standard Error of Prediction (SEP) results for the 
three-constituent TSS spectra mixture experiment that included the pure mixtures in the 
statistical analysis are presented in Table 4.3. 
 For the PSR statistical analysis the penalty coefficient (lambda) was 0.1 for the 
Arizona Dust and 0.0001 for both Clay 239 and Clay 42.  The effective degree of freedom 
was 4.8 for the Arizona Dust and 7.1 for both Clay 239 and Clay 42.  The minimum CVSEP 
was 3.7, 7.5, and 5.7 for Arizona Dust, Clay 239, and Clay 42, respectively.  Using the 
optimum penalty coefficient the SEP calculated for Arizona Dust, Clay 239, and Clay 42 was 
2.3, 4.1, and 4.9, respectively, with an overall average SEP of 3.76. 
 For the PCA statistical method the optimum number of principal components was 6,
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TABLE 4.3 – CROSS VALIDATION AND STANDARD ERROR OF PREDICTION RESULTS FOR THREE-CONSTITUENT 
TSS SPECTRA WITH PURE MIXTURES 
 
Signal Regression
Lambda(opt) Effective df Az Dust Clay 239 Clay 42 Kpca Az Dust Clay 239 Clay 42 Kpls Az Dust Clay 239 Clay 42
0.0100000 4.766 3.650 1 13.218 22.828 34.437 1 13.214 22.818 34.276
0.0001000 7.053 7.486 2 13.425 25.011 36.931 2 11.472 14.654 24.496
0.0001000 7.053 5.654 3 10.786 12.412 21.576 3 10.567 11.614 20.816
4 3.589 13.632 13.788 4 3.519 13.237 13.080
5 3.262 13.563 12.391 5 3.768 9.061 8.494
6 3.198 14.225 12.944 6 4.881 7.493 6.256
7 4.278 8.520 6.873 7 4.820 8.786 6.279
8 4.282 8.495 6.726 8 5.466 9.572 7.346
 9 4.160 8.321 6.638  
10 4.177 8.443 6.803
11 7.255 15.296 9.800
12 4.682 9.808 9.039
13 5.510 6.148 5.991
14 7.944 5.990 9.978
Lambda(opt) Az Dust Clay 239 Clay 42 Kpca(opt) Az Dust Clay 239 Clay 42 Kpls(opt) Az Dust Clay 239 Clay 42
0.0100000 2.270   6 3.058 4 1.473
0.0001000  4.110  13 8.388 5  
0.0001000 4.903 14 10.476 6 3.769 4.398
Principal Component
CV-i CV-i
Principal Component Partial Least Squares
TSS Samples with the Pure Component Samples
CV-i
SEP SEP
Signal Regression
SEP
Partial Least Squares
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14, and 13 for the Arizona Dust, Clay 239, and Clay 42, respectively.  The minimum CVSEP 
was 3.2, 6.0, and 6.0, for the Arizona Dust, Clay 239, and Clay 42, respectively.  Using the  
optimum number of principal components, the SEP was calculated to be 3.1, 10.5, and 8.4 
for Arizona Dust, Clay 239, and Clay 42, respectively, with an overall average SEP of 7.31.
 For the PLS statistical analysis the optimum number of latent variables was 4 for 
Arizona Dust, and 6 for both Clay 239 and Clay 42.   The minimum CVSEP was 3.5, 7.5, 
and 6.3 for Arizona Dust, Clay 239, and Clay 42, respectively.  Using the optimum number 
of latent variables, the SEP was calculated to be 1.5, 3.8, and 4.4 for Arizona Dust, Clay 239, 
and Clay 42, respectively, with an overall average SEP of 3.21. 
 The average SEP for all constituents for the PSR, PCA, and PLS analyses of the 
three-constituent TSS with pure mixtures were 3.76, 7.31, and 3.21, respectively. 
4.3.2  Three-Constituent TSS Spectra Analysis without Pure Samples (TC-TSS-WOP) 
 The Cross Validation (CVSEP) and Standard Error of Prediction (SEP) results for the 
three-constituent TSS spectra mixture experiment that excluded the pure mixtures from the 
statistical analysis are presented in Table 4.4. 
 For the PSR statistical analysis the penalty coefficient (lambda) was 0.003 for the 
Arizona Dust, 0.001 for Clay 239, and 0.00003 for Clay 42.  The effective degree of freedom 
was 4.9 for the Arizona Dust, 5.3 for Clay 239 and 7.3 for Clay 42.  The minimum CVSEP 
was 4.8, 5.0, and 6.3 for Arizona Dust, Clay 239, and Clay 42, respectively.  Using the 
optimum penalty coefficient the SEP calculated for Arizona Dust, Clay 239, and Clay 42 was 
3.2, 4.4, and 4.7, respectively, with an overall average SEP of 4.08.  
 For the PCA statistical analysis the optimum number of principal components was 4 
for the Arizona Dust, 3 for Clay 239, and 7 for Clay 42.  The minimum CVSEP was 4.1, 5.4,
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TABLE 4.4 – CROSS VALIDATION AND STANDARD ERROR OF PREDICTION RESULTS FOR THREE-CONSTITUENT 
TSS SPECTRA WITHOUT PURE MIXTURES 
 
Lambda(opt) Effective df Az Dust Clay 239 Clay 42 Kpca Az Dust Clay 239 Clay 42 Kpls Az Dust Clay 239 Clay 42
0.0031623 4.896 4.820 1 7.852 20.127 26.965 1 7.847 20.107 26.895
0.0010000 5.291 5.009  2 8.775 23.643 31.585 2 5.810 9.922 13.751
0.0000316 7.293 6.340 3 4.815 5.417 8.192 3 4.786 5.416 8.171
4 4.063 5.477 7.585 4 4.459 5.422 6.966
5 4.525 5.822 8.379 5 5.206 5.348 6.705
6 4.720 5.464 6.965 6 5.341 6.575 5.513
7 4.590 5.551 5.968 7 5.495 6.480
 8 5.039 6.046 6.244  8 5.841 6.276
9 5.663 7.072 5.970
10 5.921 6.189 6.025
  
  
Lambda(opt) Az Dust Clay 239 Clay 42 Kpca(opt) Az Dust Clay 239 Clay 42 Kpls(opt) Az Dust Clay 239 Clay 42
0.0031623 3.172   3 4.336 4 3.062
0.0010000 4.352 4 2.840   5 5.413
0.0000316 4.715 7 4.850 6 6.545
TSS Samples without the Pure Component Samples
Signal Regression Principal Component Partial Least Squares
Signal Regression Principal Component Partial Least Squares
CV-i CV-i CV-i
SEP SEP SEP
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and 6.0 for Arizona Dust, Clay 239, and Clay 42, respectively.  Using the optimum number 
of principal components, the SEP was calculated to be 2.8, 4.3, and 4.9 for Arizona Dust, 
Clay 239, and Clay 42, respectively, with an overall average SEP of 4.01. 
 For the PLS statistical analysis the optimum number of latent variables was 4 for 
Arizona Dust, 5 for Clay 239, and 6 for Clay 42.  The minimum CVSEP was 4.5, 5.4, and 5.5 
for Arizona Dust, Clay 239, and Clay 42, respectively.  Using the optimum number of latent 
variables, the SEP was calculated to be 3.1, 5.4, and 6.5 for Arizona Dust, Clay 239, and 
Clay 42, respectively, with an overall average SEP of 5.01. 
 The average SEP for all constituents for the PSR, PCA, and PLS analyses of the 
three-constituent TSS without pure mixtures were 4.08, 4.01, and 5.01, respectively. 
4.3.3  Three-Constituent Inorganic Spectra Analysis with Pure Samples (TCIWP) 
 The Cross Validation (CVSEP) and Standard Error of Prediction (SEP) results for the 
three-constituent inorganic spectra mixture experiment that included the pure mixtures in the 
statistical analysis are presented in Table 4.5. 
 For the PSR statistical analysis the penalty coefficient (lambda) was 0.1 for the 
Arizona Dust, 0.0003 for Clay 239 and 0.3 for Clay 42.  The effective degree of freedom was 
4.4 for the Arizona Dust, 6.3 for Clay 239 and 4.1 for Clay 42.  The minimum CVSEP was 
18.5, 10.2, and 14.2 for Arizona Dust, Clay 239, and Clay 42, respectively.  Using the 
optimum penalty coefficients the SEP calculated for Arizona Dust, Clay 239, and Clay 42 
was 4.7, 7.6, and 11.29, respectively, with an overall average SEP of 7.86. 
 For the PCA statistical analysis the optimum number of principal components was 2 
for the Arizona Dust, 10 for Clay 239, and 4 for Clay 42.  The minimum CVSEP was 16.2, 
8.9, and 16.8 for Arizona Dust, Clay 239, and Clay 42, respectively.  Using the optimum
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TABLE 4.5 – CROSS VALIDATION AND STANDARD ERROR OF PREDICTION RESULTS FOR THREE-CONSTITUENT 
INORGANIC SPECTRA WITH PURE MIXTURES 
 
Inorganic Samples with the Pure Component Samples
Lambda(opt) Effective df Az Dust Clay 239 Clay 42 Kpca Az Dust Clay 239 Clay 42 Kpls Az Dust Clay 239 Clay 42
0.1000 4.418 18.454 1 30.206 12.844 29.299 1 30.076 12.854 29.264
0.0003162 6.287 10.235 2 16.159 13.249 20.384 2 16.275 12.909 19.618
0.3162278 4.078 14.197 3 20.583 10.996 17.628 3 20.542 10.929 17.595
4 19.297 18.487 16.751 4 17.280 15.148 18.631
5 19.545 12.447 18.290 5 23.727 10.010 20.863
6 23.697 11.248 20.008 6 16.184 8.136 19.246
7 21.927 10.247 20.066 7 17.733 6.307 23.024
 8 22.757 10.303 21.364  8 18.546 12.414 24.835
 9 19.716 12.356 29.080  9 19.402 16.153 23.379
10 23.399 8.941 30.857 10 25.418 14.895 24.061
11 12.649 31.327
12 11.128 29.840
13 20.532 26.652
14 18.253 59.200
   
Lambda(opt) Az Dust Clay 239 Clay 42 Kpca(opt) Az Dust Clay 239 Clay 42 Kpls(opt) Az Dust Clay 239 Clay 42
0.1000 4.734   2 8.127 3 7.537
0.0003162 7.551 4 10.867 6 9.569
0.3162278 11.286 10 5.609 7 6.672
Signal Regression Partial Least Squares
CV-i CV-i
Principal Component Partial Least Squares
Principal Component
CV-i
SEP SEP
Signal Regression
SEP
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number of principal components, the SEP was calculated to be 8.1, 5.6, and 10.9 for Arizona 
Dust, Clay 239, and Clay 42, respectively, with an overall average SEP of 8.20. 
 For the PLS statistical analysis the optimum number of latent variables was 6 for 
Arizona Dust, 7 Clay for 239, and 3 for Clay 42.  The minimum CVSEP was 16.2, 6.3, and 
17.6 for Arizona Dust, Clay 239, and Clay 42, respectively.  Using the optimum number of 
latent variables, the SEP was calculated to be 9.6, 6.7, and 7.5 for Arizona Dust, Clay 239, 
and Clay 42, respectively, with an overall average SEP of 7.93. 
 The average SEP for all constituents for the PSR, PCA, and PLS analyses of the 
three-constituent inorganic with pure mixtures were 7.86, 8.20, and 7.93, respectively. 
4.3.4  Three-Constituent Inorganic Spectra Analysis without Pure Samples (TCIWOP) 
 The Cross Validation (CVSEP) and Standard Error of Prediction (SEP) results for the 
three-constituent inorganic spectra mixture experiment that excluded the pure mixtures from 
the statistical analysis are presented in Table 4.6. 
 For the PSR statistical analysis the penalty coefficient (lambda) was 1000 for the 
Arizona Dust, 0.003 for Clay 239, and 0.3 for Clay 42.  The effective degree of freedom was 
3.0 for the Arizona Dust, 5.3 for Clay 239 and 3.8 for Clay 42.  The minimum CVSEP was 
8.9, 4.0, and 9.1 for Arizona Dust, Clay 239, and Clay 42, respectively.  Using the optimum  
penalty coefficients the SEP calculated for Arizona Dust, Clay 239, and Clay 42 was 1.5, 6.2, 
and 7.9, respectively, with an overall average SEP of 5.15. 
 For the PCA statistical analysis the optimum number of principal components was 3 
for both the Arizona Dust and Clay 42, and 5 for Clay 239.  The minimum CVSEP was 8.9,  
3.8, and 9.6 for Arizona Dust, Clay 239, and Clay 42, respectively.  Using the optimum 
number of principal components, the SEP was calculated to be 1.7, 5.6, and 7.5 for Arizona
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TABLE 4.6 – CROSS VALIDATION AND STANDARD ERROR OF PREDICTION RESULTS FOR THREE-CONSTITUENT 
INORGANIC SPECTRA WITHOUT PURE MIXTURES 
 
Inorganic Samples without the Pure Component Samples
Lambda(opt) Effective df Az Dust Clay 239 Clay 42 Kpca Az Dust Clay 239 Clay 42 Kpls Az Dust Clay 239 Clay 42
10000 3.000 8.913 1 26.786 10.100 21.070 1 26.158 10.006 20.739
0.0031623 5.263 3.957 2 10.122 7.389 13.204 2 10.045 7.351 13.022
0.3162278 3.772 9.083 3 8.888 6.743 9.600 3 8.861 6.580 9.556
4 8.923 4.588 9.647 4 10.124 4.093 10.485
5 10.595 3.815 10.798 5 11.948 3.925 10.643
6 11.165 4.225 11.105 6 11.431 5.002 13.058
7 11.491 4.627 11.226 7 11.833 4.219 13.297
 8 11.611 5.211 14.160  8 14.345 4.154 15.329
9 14.302 4.511 13.383 9 15.807 4.323 16.560
10 13.234 4.413 12.593 10 18.811 3.713 20.804
11 4.298 23.790
  
  
Lambda(opt) Az Dust Clay 239 Clay 42 Kpca(opt) Az Dust Clay 239 Clay 42 Kpls(opt) Az Dust Clay 239 Clay 42
10000 1.450   3 1.669 7.482 3 1.647 7.481
0.0031623 6.153 5 5.607 10 7.500
0.3162278 7.853  
Signal Regression Principal Component Partial Least Squares
CV-i CV-i CV-i
Signal Regression
SEP
Principal Component Partial Least Squares
SEP SEP
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Dust, Clay 239, and Clay 42, respectively, with an overall average SEP of 4.92. 
 For the PLS statistical analysis the optimum number of latent variables was 3 for both 
Arizona Dust and Clay 42, and 10 for Clay 239.  The minimum CVSEP was 8.9, 3.7, and 9.6 
for Arizona Dust, Clay 239, and Clay 42, respectively.  Using the optimum number of latent 
variables, the SEP was calculated to be 1.7, 7.5, and 7.5 for Arizona Dust, Clay 239, and 
Clay 42, respectively, with an overall average SEP of 5.54. 
 The average SEP for all constituents for the PSR, PCA, and PLS analyses of the 
three-constituent inorganic without pure mixtures were 5.15, 4.92, and 5.54, respectively. 
4.3.5  Four-Constituent TSS Spectra Analysis with Pure Samples (FC-TSS-WP) 
 The Cross Validation (CVSEP) and Standard Error of Prediction (SEP) results for the 
four-constituent TSS spectra mixture experiment that included pure mixtures in the statistical 
analysis are presented in Table 4.7.   
 For the PSR statistical analysis the penalty coefficient (lambda) reached the lower 
boundary minimum of 0.00001 with the effective degrees of freedom being 11.72 for all the 
constituents.  The minimum CVSEP was 3.9, 5.6, 4.2, and 4.2 for Arizona Dust, Clay 239, 
Clay 42, and Clay F, respectively.  Using the minimum penalty coefficient the SEP 
calculated for Arizona Dust, Clay 239, Clay 42, and Clay F was 3.5, 4.4, 4.2, and 3.9, 
respectively, with an overall average SEP of 4.00.   
 For the PCA statistical analysis the optimum number of principal components were 
12 for both the Arizona Dust and Clay 239, and 13 for Clay 42 and 11 for Clay F.   The 
minimum CVSEP was 3.8, 5.5, 4.3, and 4.3 for Arizona Dust, Clay 239, Clay 42, and Clay F, 
respectively.  Using the optimum number of principal components, the SEP was calculated to 
be 3.3, 4.2, 4.3 and 3.9, for Arizona Dust, Clay 239, Clay 42, and Clay F, respectively, with
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TABLE 4.7 – CROSS VALIDATION AND STANDARD ERROR OF PREDICTION RESULTS FOR FOUR-CONSTITUENT TSS 
SPECTRA WITH PURE MIXTURES 
 
TSS Samples plus Pure Component Samples.
Lambda(opt) Effective df Az Dust Clay 239 Clay 42 Clay F Kpca Az Dust Clay 239 Clay 42 Clay F Kpls Az Dust Clay 239 Clay 42 Clay F
1.00E-05 11.72 3.89 1 15.31 20.66 26.69 25.53 1 14.99 20.44 26.63 24.52
1.00E-05 11.72 5.63 2 10.21 17.71 26.78 5.61 2 9.95 17.13 24.69 5.62
1.00E-05 11.72 4.19 3 6.37 8.89 12.31 5.78 3 6.28 8.75 11.98 5.65
1.00E-05 11.72 4.17 4 5.37 7.28 7.16 5.85 4 4.88 6.97 6.77 5.12
5 4.09 7.49 6.81 5.49 5 3.98 5.90 5.37 4.41
6 3.98 6.13 6.56 4.64 6 3.95 5.78 4.45 4.36
7 4.01 6.26 6.61 4.62 7 3.98 5.88 4.30 4.32
8 4.10 5.78 4.88 4.33 8 4.02 5.96 4.25 4.28
9 4.04 5.98 4.54 4.44 9 4.21 4.21
10 3.96 5.81 4.58 4.53 10 4.23 4.04
11 3.94 5.99 4.25 4.26 11 4.14
12 3.84 5.47 4.17 4.31 12 4.09
13 4.06 6.09 4.15 4.39  
14 4.27 6.26 4.26 4.32
 
Lambda(opt) Az Dust Clay 239 Clay42 Clay F Kpca(opt) Az Dust Clay 239 Clay42 Clay F Kpls(opt) Az Dust Clay 239 Clay 42 Clay F
1.00E-05 3.53 4.43 4.19 3.85 11 3.92 6 3.50 4.26  
 12 3.34 4.19 9 4.22  
 13 4.34 10 4.29
CV-i CV-i
Principal Component Partial Least Squares
SEP
Partial Least Squares
CV-i
Signal Regression
Signal Regression
Principal Component
SEPSEP
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an overall average SEP of 3.95. 
 For the PLS statistical analysis the optimum number of latent variables was 6 for both 
the Arizona Dust and Clay 239, and 9 for Clay 42 and 10 for Clay F.   The minimum CVSEP 
was 4.0, 5.8, 4.2, and 4.0 for Arizona Dust, Clay 239, Clay 42, and Clay F, respectively.  
Using the optimum number of latent variables, the SEP was calculated to be 3.5, 4.3, 4.2, and 
4.3 for Arizona Dust, Clay 239, Clay 42, and Clay F, respectively, with an overall average 
SEP of 4.07.   
 The average SEP for all constituents for the PSR, PCA, and PLS analyses of FC-TSS-
WP were 4.00, 3.95, and 4.07, respectively. 
4.3.6  Four-Constituent TSS Spectra Analysis without Pure Samples (FC-TSS-WOP) 
 The Cross Validation (CVSEP) and Standard Error of Prediction (SEP) results for the 
four-constituent TSS spectra mixture experiment that excluded the pure mixtures from the 
statistical analysis are presented in Table 4.8.   
 For the PSR statistical analysis the penalty coefficient (lambda) was 0.025 for 
Arizona Dust, 1.59x10-5 for Clay 42, and 10-5 for both Clay 239 and Clay F.  The effective 
degree of freedom for Arizona Dust, Clay 239, Clay 42, and Clay F was 5.4, 11.6, 11.1 and 
11.6, respectively.  The minimum CVSEP was 3.9, 5.7, 4.4, and 4.2 for Arizona Dust, Clay 
239, Clay 42, and Clay F, respectively.  Using the calculated penalty coefficient the SEP 
calculated for Arizona Dust, Clay 239, Clay 42, and Clay F was 3.6, 4.4, 4.0, and 3.5, 
respectively, with an overall average SEP of 3.85. 
 For the PCA statistical analysis the optimum number of principal components was 13 
for Arizona Dust and Clay 239, and Clay F and 12 for Clay 42.   The minimum CVSEP was 
3.7, 5.0, 4.4, and 4.0 for Arizona Dust, Clay 239, Clay 42, and Clay F, respectively.  Using
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TABLE 4.8 – CROSS VALIDATION AND STANDARD ERROR OF PREDICTION RESULTS FOR FOUR-CONSTITUENT TSS 
SPECTRA WITHOUT PURE MIXTURES 
 
TSS Samples without Pure Component Samples.
Lambda(opt) Effective df Az Dust Clay 239 Clay 42 Clay F Kpca Az Dust Clay 239 Clay 42 Clay F Kpls Az Dust Clay 239 Clay 42 Clay F
0.02511886 5.43 3.89 1 14.91 19.94 25.17 23.76 1 14.56 19.72 25.13 22.81
1.00E-05 11.55 5.71 2 9.45 17.16 25.36 4.96 2 9.20 16.55 21.13 4.96
1.58489E-05 11.05 4.44 3 6.00 8.48 11.52 5.13 3 5.91 8.35 11.24 5.04
1.00E-05 11.55 4.23 4 4.78 6.65 6.62 5.34 4 4.38 6.54 6.34 5.24
5 3.82 6.80 6.35 5.20 5 3.78 5.98 5.48 4.39
6 3.83 6.51 6.45 4.42 6 3.84 5.64 4.62 4.31
7 3.93 6.67 6.87 4.42 7 3.75 5.62 4.45 4.34
8 4.00 5.96 4.66 4.37 8 3.61 5.18 4.43 4.12
9 3.93 5.96 4.72 4.41 9 3.72 5.16 4.49 4.03
10 3.88 5.94 4.70 4.61 10 3.73 5.05 4.52 3.95
11 3.77 6.06 4.43 4.36 11 5.11 4.59 4.02
12 3.87 6.36 4.41 4.40 12 5.16 4.62 4.10
13 3.68 5.03 4.48 4.00 13
14 3.73 5.03 4.59 4.11 14
Lambda(opt) Az Dust Clay 239 Clay 42 Clay F Kpca(opt) Az Dust Clay 239 Clay 42 Clay F Kpls(opt) Az Dust Clay 239 Clay 42 Clay F
1.00E-05 4.39 3.48 12 4.30 8 3.54 4.10  
1.5849E-05 3.97 13 3.67 5.05 3.70 9
0.02511886 3.58  10 4.85 3.87
Signal Regression
CV-i
Partial Least SquaresPrincipal Component
CV-iCV-i
SEP
Signal Regression
SEP SEP
Principal Component Partial Least Squares
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the optimum number of principal components, the SEP was calculated to be 3.7, 5.1, 4.3, and 
3.7 for Arizona Dust, Clay 239, Clay 42, and Clay F, respectively, with an overall average 
SEP of 4.18. 
 For the PLS statistical analysis the optimum number of latent variables was 8 for both 
the Arizona Dust and Clay 42, and 10 for Clay 239 and Clay F.   The minimum CVSEP was 
3.6, 5.1, 4.4, and 4.0 for Arizona Dust, Clay 239, Clay 42, and Clay F, respectively.  Using 
the optimum number of latent variables, the SEP was calculated to be 3.5, 4.9, 4.1, and 3.9 
for Arizona Dust, Clay 239, Clay 42, and Clay F, respectively, with an overall average SEP 
of 4.09.  The average SEP for all constituents for the PSR, PCA, and PLS analyses of FC- 
TSS-WOP were 3.85, 4.18, and 4.09, respectively. 
4.3.7  Four-Constituent Inorganic Spectra Analysis with Pure Samples (FCIWP) 
 The Cross Validation (CVSEP) and Standard Error of Prediction (SEP) results for the 
four-constituent inorganic spectra mixture experiment that included the pure mixtures in the 
statistical analysis are presented in Table 4.9.   
 For the PSR statistical analysis the penalty coefficient (lambda) was 0.005 for Clay 
239, .0398 for Clay F, and 10-5 for both Arizona Dust and Clay 42.  The effective degree of 
freedom for Arizona Dust, Clay 239, Clay 42, and Clay F was 11.4, 6.0, 11.4, and 5.3, 
respectively.  The minimum CVSEP was 9.5, 5.6, 8.1, and 7.3 for Arizona Dust, Clay 239, 
Clay 42, and Clay F, respectively.  Using the calculated penalty coefficient the SEP 
calculated for Arizona Dust, Clay 239, Clay 42, and Clay F was 7.9, 2.8, 4.6, and 7.0, 
respectively, with an overall average SEP of 5.58. 
 For the PCA statistical analysis the optimum number of principal components was 13 
for Arizona Dust and Clay 42, 11 for Clay 239, and 5 for Clay F.   The minimum CVSEP
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TABLE 4.9 – CROSS VALIDATION AND STANDARD ERROR OF PREDICTION RESULTS FOR FOUR-CONSTITUENT 
INORGANIC SPECTRA WITH PURE MIXTURES 
 
Inorganic Samples plus Pure Component Samples.
Lambda(opt) Effective df Az Dust Clay 239 Clay 42 Clay F Kpca Az Dust Clay 239 Clay 42 Clay F Kpls Az Dust Clay 239 Clay 42 Clay F
1.00E-05 11.36 9.46 1 23.56 10.90 21.30 26.43 1 23.43 10.71 21.19 25.24
0.005011872 5.98 5.58 2 22.06 8.10 19.99 11.58 2 21.61 8.01 19.54 11.48
1.00E-05 11.36 8.09 3 14.14 6.59 12.37 10.02 3 14.00 6.53 12.31 9.88
0.03981072 5.26 7.31 4 11.90 5.70 11.74 7.26 4 11.56 5.61 11.32 7.16
5 11.67 5.65 11.49 7.18 5 11.49 5.68 10.65 7.35
6 11.27 5.54 10.35 7.32 6 10.44 5.49 9.42 7.63
7 10.87 5.63 9.61 7.38 7 9.84 5.70 8.84 7.25
8 11.04 5.64 9.76 7.43 8 9.55 5.57 8.73 7.25
9 10.92 5.79 9.37 7.60 9 9.40 5.64 8.54 7.33
10 10.98 5.71 9.60 7.39 10 9.50 5.69 8.55 7.41
11 11.31 5.49 9.82 7.37 11 9.54 5.66 8.55 7.42
12 11.57 5.49 9.91 7.50 12 9.56 5.60 8.58 7.39
13 9.26 5.59 8.65 7.18  
14 9.39 5.71 8.74 7.47
 
Lambda(opt) Az Dust Clay 239 Clay42 Clay F Kpca(opt) Az Dust Clay 239 Clay42 Clay F Kpls(opt) Az Dust Clay 239 Clay 42 Clay F
1.00E-05 7.90 4.57 5 6.61 4  6.72
0.00501187 2.84 11 3.78 6 3.40
0.03981072 7.02 12 9 8.48 4.97
 13 8.46 5.12
Partial Least Squares
CV-i
Signal Regression
Signal Regression
Principal Component
SEP SEPSEP
CV-i CV-i
Principal Component Partial Least Squares
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was 9.3, 5.5, 8.7, and 7.2 for Arizona Dust, Clay 239, Clay 42, and Clay F, respectively.  
Using the optimum number of principal components, the SEP was calculated to be 8.5, 3.8, 
5.1, and 6.6 for Arizona Dust, Clay 239, Clay 42, and Clay F, respectively, with an overall 
average SEP of 5.99. 
 For the PLS statistical analysis the optimum number of latent variables was 9 for both 
the Arizona Dust and Clay 42, 6 for Clay 239 and 4 for Clay F.  The minimum CVSEP was 
9.4, 5.5, 8.5, and 7.2 for Arizona Dust, Clay 239, Clay 42, and Clay F, respectively.  Using 
the optimum number of latent variables, the SEP was calculated to be 8.5, 3.4, 4.5, and 6.7 
for Arizona Dust, Clay 239, Clay 42, and Clay F, respectively, with an overall average SEP 
of 5.89.   
 The average SEP for all constituents for the PSR, PCA, and PLS analyses of FCIWP 
were 5.58, 5.99, and 5.89, respectively. 
4.3.8  Four-Constituent Inorganic Spectra Analysis without Pure Samples (FCIWOP) 
 The Cross Validation (CVSEP) and Standard Error of Prediction (SEP) results for the 
four-constituent inorganic spectra mixture experiment that excluded the pure mixtures from 
the statistical analysis are presented in Table 4.10.   
 For the PSR statistical analysis the penalty coefficient (lambda) was 10-5 for Arizona 
Dust 0.006 for Clay 239, 1.25x10-5 for Clay 42, and 0.1 for Clay F.  The effective degree of 
freedom for Arizona Dust, Clay 239, Clay 42, and Clay F was 11.2, 5.9, 10.9, and 5.0, 
respectively.  The minimum CVSEP was 9.7, 5.5, 8.2, and 7.4 for Arizona Dust, Clay 239, 
Clay 42, and Clay F, respectively.  Using the calculated penalty coefficient the SEP 
calculated  for  Arizona  Dust,  Clay 239,  Clay 42,  and  Clay F  was 7.5,  2.9,  4.5,  and  6.4, 
respectively, with an overall average SEP of 5.29. 
  
 
90
 
TABLE 4.10 – CROSS VALIDATION AND STANDARD ERROR OF PREDICTION RESULTS FOR FOUR-CONSTITUENT 
INORGANIC SPECTRA WITHOUT PURE MIXTURES 
 
Inorganic Samples without Pure Component Samples.
Lambda(opt) Effective df Az Dust Clay 239 Clay 42 Clay F Kpca Az Dust Clay 239 Clay 42 Clay F Kpls Az Dust Clay 239 Clay 42 Clay F
1.00E-05 11.20 9.66 1 22.53 10.43 19.50 24.96 1 22.38 10.27 19.44 24.03
0.006309573 5.85 5.50 2 20.54 7.96 18.72 11.20 2 20.09 7.85 18.19 11.10
1.25893E-05 10.94 8.24 3 13.45 6.40 11.30 9.93 3 13.30 6.35 11.25 9.79
0.1 5.00 7.41 4 10.89 5.50 10.56 7.11 4 10.86 5.50 10.40 7.18
5 11.00 5.60 10.58 7.30 5 10.70 5.59 9.79 8.43
6 10.93 5.43 10.02 7.43 6 10.31 5.47 9.18 7.76
7 10.72 5.54 9.41 7.48 7 9.87 5.73 8.80 7.44
8 10.70 5.59 9.44 7.61 8 9.59 5.47 8.76 7.40
9 10.92 5.71 9.30 7.66 9 9.54 5.58 8.74 7.53
10 10.75 5.70 9.18 7.62 10 9.73 5.55 8.85 7.73
11 11.19 5.58 9.50 7.46  
12 10.30 5.53 8.90 7.26  
13 9.61 5.55 8.73 7.09  
14 9.50 5.62 8.79 7.59
Lambda(opt) Az Dust Clay 239 Clay 42 Clay F Kpca(opt) Az Dust Clay 239 Clay 42 Clay F Kpls(opt) Az Dust Clay 239 Clay 42 Clay F
1.00E-05 7.51 6 3.17 4 6.10
1.25893E-05 4.45 13 5.06 4.32 6 3.47
0.006309573 2.85 14 7.59 9 7.81 4.90
0.1 6.35
Signal Regression
CV-i
SEP SEP
Signal Regression
SEP
Partial Least SquaresPrincipal Component
CV-iCV-i
Principal Component Partial Least Squares
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 For the PCA statistical analysis the optimum number of principal components was 14 
for Arizona Dust, 6 for Clay 239, and 13 for Clay 42 and Clay F.   The minimum CVSEP 
was 9.5, 5.4, 8.7, and 7.1 for Arizona Dust, Clay 239, Clay 42, and Clay F, respectively.  
Using the optimum number of principal components, the SEP was calculated to be 7.6, 3.2, 
5.1, and 4.3 for Arizona Dust, Clay 239, Clay 42, and Clay F, respectively, with an overall 
average SEP of 5.03. 
 For the PLS statistical analysis the optimum number of latent variables was 9 for both 
the Arizona Dust and Clay 42, 6 for Clay 239 and 4 for Clay F.  The minimum CVSEP was 
9.5, 5.5, 8.7, and 7.2 for Arizona Dust, Clay 239, Clay 42, and Clay F, respectively.  Using 
the optimum number of latent variables, the SEP was calculated to be 7.8, 3.5, 4.9, and 6.1 
for Arizona Dust, Clay 239, Clay 42, and Clay F, respectively, with an overall average SEP 
of 5.57.   
 The average SEP for all constituents for the PSR, PCA, and PLS analyses of  
FCIWOP were 5.29, 5.03, and 5.57, respectively. 
4.4 PSR, PCA, PLS Reflectance Models and Comparisons  
 The closeness of the predicted values for each constituent to the actual measured 
values are shown in Tables 4.11 through 4.18.  Scanning across the each table allows for a 
convenient comparison of the results of the PSR, PCA, and PLS statistical models for the 
three and four-constituent mixture analyses. 
 Table 4.11, 4.12, 4.13 and 4.14 presents the actual weight percent and the predicted 
weight percent for the Arizona Dust, Clay 239, and Clay 42 from the three-constituent PSR, 
PCA, and PLS modeling analyses.   These tables show the sample identification number in 
the first column and the actual measured weight percents for each sample mixture in columns 
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TABLE 4.11 – WEIGHT PERCENT RESULTS FOR THREE-CONSTITUENT TSS SPECTRA 
WITH THE PURE MIXTURES  
 
Three-Constituent Analysis - TSS Samples with Pure Mixture Samples
Sample
ID Az Dust Clay 239 Clay 42 Total Az Dust Clay 239 Clay 42 Total Az Dust Clay 239 Clay 42 Total Az Dust Clay 239 Clay 42 Total
1 66.53 33.47 0.00 100.00 69.61 30.89 -0.07 100.44 68.65 33.52 -0.41 101.77 70.06 30.26 0.64 100.95
2 67.30 16.25 16.45 100.00 62.81 14.11 21.98 98.90 63.84 16.07 17.82 97.74 62.65 14.20 21.39 98.24
3 66.60 0.00 33.40 100.00 61.52 8.08 29.22 98.83 62.61 0.03 33.14 95.78 61.49 7.55 28.55 97.59
4 50.10 49.90 0.00 100.00 51.28 53.30 -4.14 100.44 51.07 49.98 -0.63 100.42 51.16 51.91 -1.96 101.10
5 49.90 33.37 16.73 100.00 49.09 28.91 23.56 101.55 47.47 24.32 26.51 98.29 49.98 30.83 22.38 103.20
6 50.98 16.47 32.55 100.00 52.24 16.71 31.45 100.40 51.93 10.84 35.62 98.39 52.00 17.09 31.84 100.93
7 49.95 0.00 50.05 100.00 48.37 0.64 50.44 99.45 48.17 -0.20 51.57 99.54 48.58 1.09 50.81 100.49
8 33.30 66.70 0.00 100.00 34.55 66.01 1.03 101.59 32.68 66.67 0.25 99.60 35.58 67.73 -0.29 103.02
9 33.33 50.05 16.62 100.00 29.20 46.98 24.93 101.12 27.82 60.18 13.27 101.26 30.72 46.24 24.82 101.78
10 33.20 33.40 33.40 100.00 33.84 29.21 37.88 100.93 33.58 33.38 33.49 100.45 33.81 28.12 37.84 99.77
11 33.40 16.75 49.85 100.00 32.92 16.39 51.56 100.87 31.42 11.06 58.13 100.61 32.73 17.83 51.16 101.72
12 33.37 0.00 66.63 100.00 36.88 -2.83 66.09 100.15 36.66 0.12 65.72 102.50 36.62 -2.88 67.07 100.81
13 16.63 66.63 16.73 100.00 16.48 65.47 15.56 97.51 19.29 66.64 16.72 102.64 14.81 65.69 15.25 95.74
14 16.42 50.15 33.43 100.00 15.95 48.20 36.30 100.45 16.05 56.71 30.19 102.94 15.73 47.50 35.97 99.20
15 16.73 33.27 50.00 100.00 20.07 25.02 54.03 99.11 20.59 14.11 65.07 99.76 18.80 25.80 52.87 97.46
16 16.67 16.67 66.67 100.00 18.79 19.99 63.55 102.33 16.93 16.70 66.42 100.05 18.69 20.85 62.91 102.45
17 0.00 66.83 33.17 100.00 -2.20 63.57 37.66 99.03 -2.12 66.94 32.40 97.22 -2.77 66.60 34.85 98.69
18 0.00 50.00 50.00 100.00 -1.37 52.05 49.08 99.77 -0.27 49.96 50.32 100.01 -2.08 49.78 50.69 98.38
19 0.00 33.47 66.53 100.00 2.42 32.52 66.13 101.07 1.32 33.27 67.93 102.52 2.64 33.11 66.13 101.88
20 100.00 0.00 0.00 100.00 101.32 -1.61 0.28 99.98 101.82 0.08 -0.60 101.30 101.18 -0.83 -0.48 99.87
21 0.00 100.00 0.00 100.00 -0.60 101.38 -0.85 99.93 -0.47 100.00 -0.02 99.52 0.28 100.46 -0.21 100.53
22 0.00 0.00 100.00 100.00 -0.07 0.53 99.18 99.64 -0.12 0.15 98.91 98.94 0.96 -0.33 99.84 100.48
Actual Weight Percent (%) PSR Predicted Weight Percent PLS Predicted Weight PercentPCA Predicted Weight Percent
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TABLE 4.12 – WEIGHT PERCENT RESULTS FOR THE THREE-CONSTITUENT TSS SPECTRA 
WITHOUT THE PURE MIXTURES 
 
Three-Constituent Analysis - TSS Samples without Pure Mixture Samples
Sample
ID Az Dust Clay 239 Clay 42 Total Az Dust Clay 239 Clay 42 Total Az Dust Clay 239 Clay 42 Total Az Dust Clay 239 Clay 42 Total
1 66.53 33.47 0.00 100.00 70.10 29.42 -0.15 99.36 68.66 27.81 0.04 96.50 69.06 31.01 -0.28 99.79
2 67.30 16.25 16.45 100.00 64.28 13.26 22.18 99.72 66.18 14.34 20.42 100.95 66.00 13.50 19.49 99.00
3 66.60 0.00 33.40 100.00 62.78 4.73 29.78 97.29 62.35 3.64 28.33 94.32 63.48 5.69 29.10 98.27
4 50.10 49.90 0.00 100.00 51.52 55.17 -3.37 103.33 51.91 55.51 -1.05 106.37 51.05 52.17 -0.22 103.00
5 49.90 33.37 16.73 100.00 48.40 26.80 23.78 98.98 47.18 27.24 27.14 101.56 47.03 24.17 29.81 101.01
6 50.98 16.47 32.55 100.00 52.85 14.03 32.77 99.65 51.50 12.14 37.21 100.84 51.65 10.51 39.78 101.93
7 49.95 0.00 50.05 100.00 48.45 -0.06 49.78 98.17 49.09 -0.74 51.95 100.29 49.13 -0.85 51.66 99.94
8 33.30 66.70 0.00 100.00 32.52 67.39 0.46 100.38 31.29 69.08 0.08 100.45 31.16 67.94 0.67 99.77
9 33.33 50.05 16.62 100.00 27.19 47.13 23.44 97.75 29.31 53.32 19.52 102.14 28.56 52.75 13.22 94.53
10 33.20 33.40 33.40 100.00 33.72 27.37 37.82 98.91 33.31 28.20 36.79 98.30 33.34 29.65 34.47 97.46
11 33.40 16.75 49.85 100.00 32.59 17.60 52.40 102.60 33.15 19.96 51.27 104.39 32.11 15.73 52.70 100.54
12 33.37 0.00 66.63 100.00 36.59 1.21 65.63 103.43 35.51 -0.56 66.21 101.15 35.53 0.54 67.52 103.58
13 16.63 66.63 16.73 100.00 17.30 66.16 15.32 98.78 19.64 65.34 14.96 99.94 19.75 65.21 15.21 100.17
14 16.42 50.15 33.43 100.00 15.71 46.56 36.08 98.36 17.10 49.88 33.70 100.68 16.60 49.40 30.23 96.23
15 16.73 33.27 50.00 100.00 20.70 26.76 54.86 102.31 21.63 27.32 49.30 98.25 21.54 26.43 51.93 99.91
16 16.67 16.67 66.67 100.00 18.53 19.25 64.64 102.41 18.91 22.80 64.16 105.87 17.45 17.52 64.73 99.71
17 0.00 66.83 33.17 100.00 -3.01 66.36 35.26 98.62 -4.20 61.99 33.56 91.34 -2.90 68.51 33.84 99.45
18 0.00 50.00 50.00 100.00 -0.89 48.87 50.30 98.28 -1.09 49.84 52.16 100.90 -0.84 49.10 50.59 98.85
19 0.00 33.47 66.53 100.00 1.75 34.19 65.38 101.32 2.10 36.08 65.44 103.62 1.45 33.32 66.25 101.03
Actual Weight Percent (%) PSR Predicted Weight Percent PCA Predicted Weight Percent PLS Predicted Weight Percent
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TABLE 4.13 – WEIGHT PERCENT RESULTS FOR THREE-CONSTITUENT INORGANIC 
SPECTRA WITH THE PURE MIXTURES 
 
Three-Constituent Analysis -Inorganic Samples with Pure Mixture Samples
Sample
ID Az Dust Clay 239 Clay 42 Total Az Dust Clay 239 Clay 42 Total Az Dust Clay 239 Clay 42 Total Az Dust Clay 239 Clay 42 Total
1 66.53 33.47 0.00 100.00 75.08 34.28 -8.98 100.38 75.19 32.91 -8.75 99.36 69.50 33.96 -10.64 92.82
2 67.30 16.25 16.45 100.00 76.43 19.51 12.06 107.99 68.46 17.67 17.81 103.94 77.78 17.82 20.97 116.56
3 66.60 0.00 33.40 100.00 58.76 3.84 39.16 101.77 62.44 2.19 40.53 105.16 63.99 1.09 40.93 106.01
4 50.10 49.90 0.00 100.00 57.97 47.92 -8.10 97.78 59.10 49.91 -9.98 99.03 53.56 50.95 -13.25 91.25
5 49.90 33.37 16.73 100.00 47.14 29.69 25.66 102.50 42.99 25.08 27.43 95.50 54.75 26.59 26.60 107.94
6 50.98 16.47 32.55 100.00 51.37 16.62 36.46 104.44 51.72 17.51 39.22 108.44 53.31 17.66 39.56 110.53
7 49.95 0.00 50.05 100.00 34.97 0.38 60.63 95.99 41.77 -4.57 58.03 95.23 46.04 -4.05 56.26 98.25
8 33.30 66.70 0.00 100.00 30.59 66.78 -2.84 94.53 32.89 67.11 -7.34 92.66 30.15 66.85 -12.44 84.57
9 33.33 50.05 16.62 100.00 29.17 51.26 24.70 105.13 36.99 51.99 26.87 115.85 29.88 48.94 21.04 99.86
10 33.20 33.40 33.40 100.00 32.78 25.28 43.90 101.96 40.60 29.17 44.50 114.26 24.69 29.40 42.43 96.52
11 33.40 16.75 49.85 100.00 27.68 13.36 59.09 100.13 41.35 12.38 58.52 112.25 36.42 8.38 55.02 99.81
12 33.37 0.00 66.63 100.00 26.65 1.11 69.42 97.17 43.84 1.46 66.57 111.87 33.48 -0.82 62.28 94.94
13 16.63 66.63 16.73 100.00 8.23 70.86 27.45 106.53 12.57 70.06 30.63 113.27 15.39 68.91 24.39 108.69
14 16.42 50.15 33.43 100.00 11.87 41.17 48.90 101.95 22.83 44.65 48.88 116.36 8.75 41.91 44.21 94.86
15 16.73 33.27 50.00 100.00 9.25 17.94 66.71 93.89 31.91 25.15 61.43 118.49 -4.26 24.29 55.66 75.70
16 16.67 16.67 66.67 100.00 23.53 13.65 63.05 100.23 31.80 17.28 62.82 111.91 11.14 18.63 63.23 93.00
17 0.00 66.83 33.17 100.00 -4.23 65.93 41.50 103.20 -14.62 65.68 43.77 94.83 -4.18 64.94 42.38 103.14
18 0.00 50.00 50.00 100.00 6.88 48.56 50.86 106.30 8.15 50.07 54.47 112.70 3.11 50.35 52.76 106.21
19 0.00 33.47 66.53 100.00 9.55 29.74 60.42 99.71 7.80 28.75 60.10 96.65 8.79 29.87 60.57 99.23
20 100.00 0.00 0.00 100.00 88.65 -2.23 10.12 96.54 61.32 -0.32 9.99 71.00 93.23 -1.45 21.78 113.56
21 0.00 100.00 0.00 100.00 -4.38 101.09 0.28 96.99 -8.60 99.79 -0.10 91.09 -0.06 99.54 9.34 108.83
22 0.00 0.00 100.00 100.00 12.18 6.63 74.11 92.92 10.93 6.15 69.96 87.04 7.05 7.34 72.05 86.44
Actual Weight Percent (%) PSR Predicted Weight Percent PCA Predicted Weight Percent PLS Predicted Weight Percent
  
 
95
 
TABLE 4.14 – WEIGHT PERCENT RESULTS FOR THREE-CONSTITUENT INORGANIC 
SPECTRA WITHOUT THE PURE MIXTURES 
 
Three-Constituent Analysis - Inorganic Samples without Pure Mixture Samples
Sample
ID Az Dust Clay 239 Clay 42 Total Az Dust Clay 239 Clay 42 Total Az Dust Clay 239 Clay 42 Total Az Dust Clay 239 Clay 42 Total
1 66.53 33.47 0.00 100.00 75.01 32.76 -4.76 103.01 74.71 34.43 -4.56 104.58 74.71 33.49 -4.62 103.59
2 67.30 16.25 16.45 100.00 66.49 17.03 19.06 102.58 66.19 15.89 22.56 104.64 66.18 15.91 22.46 104.55
3 66.60 0.00 33.40 100.00 57.32 3.33 39.72 100.37 57.31 2.81 40.24 100.36 57.32 0.54 40.22 98.09
4 50.10 49.90 0.00 100.00 54.13 47.91 -4.36 97.68 54.35 47.69 -5.09 96.96 54.36 50.39 -5.05 99.69
5 49.90 33.37 16.73 100.00 48.39 26.89 25.05 100.33 48.23 25.95 25.16 99.34 48.31 30.37 25.10 103.78
6 50.98 16.47 32.55 100.00 49.15 14.90 37.25 101.30 49.00 14.14 38.49 101.62 49.00 20.44 38.45 107.89
7 49.95 0.00 50.05 100.00 41.70 0.08 54.21 95.99 42.00 -0.80 51.58 92.78 42.10 -0.54 51.62 93.19
8 33.30 66.70 0.00 100.00 28.99 69.04 -2.34 95.69 29.50 68.95 -4.48 93.96 29.52 66.49 -4.40 91.61
9 33.33 50.05 16.62 100.00 31.30 48.26 23.90 103.46 30.85 47.62 24.40 102.87 30.86 54.40 24.37 109.62
10 33.20 33.40 33.40 100.00 32.42 26.15 42.53 101.11 32.35 26.68 42.88 101.91 32.29 32.88 42.90 108.07
11 33.40 16.75 49.85 100.00 32.83 14.03 54.38 101.24 32.72 13.91 53.51 100.13 32.72 4.15 53.53 90.40
12 33.37 0.00 66.63 100.00 34.93 0.98 62.14 98.05 35.06 0.65 59.57 95.28 35.10 0.35 59.64 95.09
13 16.63 66.63 16.73 100.00 8.26 68.78 26.03 103.06 7.83 67.28 27.12 102.23 7.84 66.35 27.08 101.27
14 16.42 50.15 33.43 100.00 15.37 41.92 44.75 102.03 15.19 42.11 44.44 101.74 15.16 47.60 44.46 107.22
15 16.73 33.27 50.00 100.00 17.93 23.05 58.79 99.77 18.10 26.23 55.87 100.20 18.01 21.93 55.98 95.92
16 16.67 16.67 66.67 100.00 21.60 18.50 60.42 100.52 21.73 20.28 60.96 102.97 21.61 16.28 61.00 98.89
17 0.00 66.83 33.17 100.00 -2.41 66.50 36.57 100.66 -2.52 67.04 36.92 101.44 -2.47 66.69 36.86 101.07
18 0.00 50.00 50.00 100.00 5.11 49.67 48.51 103.29 4.78 49.81 50.41 105.00 4.73 50.62 50.37 105.71
19 0.00 33.47 66.53 100.00 10.09 32.59 55.31 97.99 10.34 32.62 54.93 97.89 10.34 33.88 54.95 99.17
Actual Weight Percent (%) PSR Predicted Weight Percent PCA Predicted Weight Percent PLS Predicted Weight Percent
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2, 3, and 4 with the total actual weight percent of the three-constituents in column 5.  The 
predicted weight percents and the sum of those predicted values from the PSR analysis are 
presented in columns 6, 7, 8, and 9.  The predicted weight percent values and the sum of 
those predicted weight percents from the PCA analysis are presented in columns 10, 11, 12, 
and 13 and the predicted weight percents and the sum of those predicted weight percents 
from the PLS analysis are presented in columns 14, 15, 16, and 17. 
 These summary tables show the comparison of the PSR, PCA, and PLS models for 
the training and validation data sets.  The validation data is shown in bold font and was used 
in the calculations of the SEP for each constituent.  For example, in Table 4.11, the Arizona 
Dust in the PSR model for mixture numbers 5, 6, 9, 11, 14, and 15 has the following 
predicted values 49.09, 52.24, 29.20, 32.92, 15.95, and 20.07, respectively.  These predicted 
values are used in conjunction with the actual values in equation number 3.30 to calculate the 
SEP by taking the square root of the sum of squared differences divided by the number of 
validation samples to give, 
 
27.2)73.1607.20(....)98.5024.52()90.4909.49(
6
1 )(6
1
222
)( =−++−+−= ∑
=i
AzSEP  (4.1) 
 
 Table 4.15 through Table 4.18 presents the actual weight percent and the modeling 
results of the predicted weight percent for the Arizona Dust, Clay 239, Clay 42 and Clay F 
from the four-constituent PSR, PCA, and PLS mixture analyses.  These tables show the 
sample identification number in the first column and the actual measured weight percents in 
columns 2, 3, 4, and 5 for each sample mixture and the actual weight percent totals of the 
four-constituents in column 6.  The predicted weight percents and the sum of those predicted 
  
 
97
values from the PSR analysis are presented in columns 8, 9, 10, 11, and 12.  The predicted 
weight percent values and the sum of those predicted weight percents from the PCA analysis 
are presented in columns 14, 15, 16, 17, and 18 and the predicted weight percents and the 
sum of those percents from the PLS analysis are presented in columns 20, 21, 22, 23, and 24.  
 These summary tables show the comparison of the PSR, PCA, and PLS models for 
the training and validation data sets.  The validation data is shown in bold font and was used 
in the calculations of the SEP for each constituent.  For example, in Table 4.15, the Arizona 
Dust in the PSR model for mixture numbers 31, 32, 33, 40, 42, 49, 50, and 51 has the 
following predicted values 35.97, 27.31, 22.65, 32.05, 16.15, 31.29, 20.33, and 16.25, 
respectively.  These predicted values are used in conjunction with the actual values in 
equation number 3.30 to calculate the SEP by taking the square root of the sum of squared 
differences divided by the number of validation samples to give, 
   
53.3)25.1604.14(....)31.2723.31()97.3508.39(
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1
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AzSEP  (4.2) 
 
 Evaluation of the prediction performance and application of P-Spline Signal 
Regression, Principal Component, and Partial Least Squares statistical methods on the 
spectral analysis of TSS for solids composition determination was accomplished by 
comparing the SEP for each constituent from each model and also comparing the average 
SEP for all constituents for each modeling method.  The SEP is a single number that 
summarizes the predictive performance of the external validation.  The SEP values can be 
used to compare and evaluate the performance of each statistical technique. 
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TABLE 4.15 – WEIGHT PERCENT RESULTS FOR FOUR-CONSTITUENT TSS 
SPECTRA WITH PURE MIXTURES 
Four-Constituent Analysis - Organic Samples with Pure Mixture Samples.
Sample 
ID Az Dust Clay 239  Clay 42 Clay F Total
Sample 
ID Az Dust Clay 239  Clay 42 Clay F Total
Sample 
ID Az Dust Clay 239  Clay 42 Clay F Total
Sample 
ID Az Dust Clay 239  Clay 42 Clay F Total
1 100.00 0.00 0.00 0.00 100.00 1 95.66 1.65 -1.49 4.17 100.00 1 94.74 2.97 -1.21 3.16 99.67 1 95.19 3.01 -1.79 4.54 100.96
2 87.66 0.00 12.34 0.00 100.00 2 79.61 5.81 13.90 0.68 100.00 2 81.13 3.02 14.46 1.01 99.62 2 80.32 5.61 14.53 1.04 101.50
3 74.88 0.00 25.12 0.00 100.00 3 71.61 3.94 21.11 3.34 100.00 3 70.66 5.99 21.21 2.34 100.20 3 70.20 5.15 20.67 3.46 99.48
4 62.56 0.00 37.44 0.00 100.00 4 60.28 3.67 38.53 -2.47 100.00 4 59.76 4.28 39.73 -3.64 100.13 4 58.95 5.66 39.05 -3.32 100.34
5 50.05 0.00 49.95 0.00 100.00 5 51.88 3.74 45.56 -1.18 100.00 5 52.45 2.53 46.16 -1.15 100.00 5 51.48 3.42 46.13 -1.08 99.94
6 37.72 0.00 62.28 0.00 100.00 6 38.69 0.92 60.00 0.39 100.00 6 38.28 1.56 60.58 0.03 100.45 6 37.58 3.26 60.29 0.42 101.55
7 25.20 0.00 74.80 0.00 100.00 7 26.59 0.30 72.54 0.57 100.00 7 25.78 1.92 72.71 -0.91 99.50 7 26.72 -2.27 73.04 0.11 97.60
8 12.76 0.00 87.24 0.00 100.00 8 16.35 -9.44 88.14 4.95 100.00 8 15.24 -8.28 88.77 5.54 101.27 8 15.34 -5.70 88.11 3.60 101.35
9 0.00 0.00 100.00 0.00 100.00 9 -2.72 -0.99 98.14 5.57 100.00 9 -1.75 -3.35 99.67 5.45 100.02 9 -1.93 -1.15 99.59 3.74 100.24
10 87.13 12.87 0.00 0.00 100.00 10 90.88 14.53 -6.09 0.68 100.00 10 91.15 13.98 -6.37 2.08 100.84 10 91.86 14.43 -6.45 -0.19 99.65
11 76.68 10.95 10.85 1.51 100.00 11 74.04 13.39 11.45 1.12 100.00 11 74.43 12.30 11.34 2.41 100.48 11 74.10 13.87 11.02 1.07 100.06
12 65.14 9.36 21.71 3.78 100.00 12 66.31 14.79 15.17 3.73 100.00 12 66.53 14.22 15.39 3.55 99.69 12 66.06 14.90 15.45 3.39 99.80
13 54.76 7.72 33.10 4.41 100.00 13 51.99 12.80 31.95 3.26 100.00 13 50.27 16.18 30.81 3.20 100.46 13 51.68 13.41 30.57 4.08 99.74
14 43.77 6.18 43.67 6.38 100.00 14 41.34 10.00 44.34 4.32 100.00 14 41.14 10.07 43.37 6.10 100.69 14 40.29 10.33 43.16 6.29 100.06
15 32.87 4.68 54.58 7.87 100.00 15 34.79 4.92 52.39 7.90 100.00 15 34.14 6.03 52.34 7.69 100.19 15 34.62 4.01 52.54 7.27 98.44
16 21.83 3.87 64.68 9.62 100.00 16 21.69 3.02 66.54 8.75 100.00 16 22.31 1.90 66.68 9.02 99.91 16 21.86 2.33 66.68 9.16 100.03
17 10.74 1.91 76.61 10.74 100.00 17 12.00 -0.19 74.23 13.96 100.00 17 10.75 2.07 73.94 13.32 100.08 17 11.62 0.79 73.77 14.24 100.42
18 0.00 0.00 87.66 12.34 100.00 18 -0.03 4.30 78.04 17.69 100.00 18 0.85 2.35 78.75 17.65 99.61 18 1.36 4.35 78.95 16.40 101.06
19 74.90 25.10 0.00 0.00 100.00 19 71.01 13.18 16.42 -0.62 100.00 19 70.02 14.54 16.39 -0.64 100.31 19 70.91 12.24 16.69 -2.72 97.12
20 65.80 21.80 9.30 3.10 100.00 20 66.81 22.97 7.02 3.20 100.00 20 67.33 22.32 6.23 4.23 100.11 20 67.93 21.22 6.57 3.33 99.06
21 56.39 18.66 18.76 6.19 100.00 21 58.45 14.42 23.44 3.69 100.00 21 58.25 14.29 23.43 4.31 100.28 21 58.56 15.16 23.20 3.24 100.15
22 46.84 15.55 28.18 9.43 100.00 22 51.23 13.53 27.64 7.59 100.00 22 52.20 11.99 27.54 7.81 99.56 22 51.80 12.47 27.83 8.34 100.43
23 37.51 12.24 37.61 12.64 100.00 23 37.81 9.57 40.60 12.02 100.00 23 38.07 9.42 39.96 12.65 100.09 23 38.09 8.52 39.89 12.83 99.33
24 28.18 9.43 46.94 15.45 100.00 24 30.04 7.39 48.03 14.54 100.00 24 29.68 8.61 47.39 13.68 99.36 24 30.63 5.42 48.31 15.00 99.35
25 18.84 6.18 56.13 18.84 100.00 25 21.14 5.60 55.11 18.15 100.00 25 21.49 5.40 54.76 17.86 99.52 25 21.63 3.74 55.28 18.90 99.55
26 9.42 3.21 65.53 21.84 100.00 26 7.42 3.62 65.71 23.25 100.00 26 7.96 2.80 65.73 22.94 99.43 26 7.30 3.22 65.86 23.36 99.74
27 0.00 0.00 74.80 25.20 100.00 27 -1.56 3.71 73.67 24.19 100.00 27 -0.88 1.70 74.50 25.09 100.42 27 -1.03 4.47 74.41 21.77 99.62
28 62.56 37.44 0.00 0.00 100.00 28 64.38 38.11 -3.49 1.00 100.00 28 64.98 37.25 -3.42 0.54 99.34 28 65.26 37.59 -2.85 1.43 101.43
29 54.81 32.67 7.82 4.71 100.00 29 55.71 30.58 9.35 4.36 100.00 29 57.36 27.53 9.96 4.25 99.10 29 56.75 30.34 10.16 4.73 101.99
30 46.62 28.23 15.61 9.54 100.00 30 49.42 22.50 17.25 10.83 100.00 30 50.46 20.97 17.03 10.60 99.05 30 49.95 21.39 17.64 12.19 101.18
31 39.08 23.35 23.55 14.03 100.00 31 35.97 24.74 25.77 13.53 100.00 31 35.37 26.30 24.88 13.79 100.33 31 35.66 24.98 25.12 14.39 100.15
32 31.23 18.72 31.33 18.72 100.00 32 27.31 22.27 29.93 20.49 100.00 32 27.07 22.72 28.73 21.66 100.18 32 26.69 20.31 28.67 22.35 98.01
33 23.25 14.03 39.38 23.35 100.00 33 22.65 17.64 33.62 26.10 100.00 33 20.97 19.91 32.83 26.43 100.13 33 20.97 19.41 32.13 28.03 100.54
34 15.56 9.54 46.89 28.01 100.00 34 11.36 12.39 49.23 27.02 100.00 34 12.58 10.71 48.68 26.81 98.78 34 11.98 10.99 48.98 29.19 101.14
35 7.78 4.89 54.39 32.93 100.00 35 8.43 7.43 51.37 32.77 100.00 35 8.72 6.88 51.18 33.44 100.22 35 8.19 5.44 51.53 32.17 97.34
36 0.00 0.00 62.61 37.39 100.00 36 -4.23 -0.38 63.19 41.41 100.00 36 -5.52 2.34 62.55 40.46 99.83 36 -4.45 0.82 62.69 42.02 101.08
37 50.30 49.70 0.00 0.00 100.00 37 55.00 42.06 -2.31 5.25 100.00 37 54.31 43.05 -1.49 4.22 100.10 37 55.76 41.74 -1.02 3.14 99.62
38 43.51 43.81 6.29 6.39 100.00 38 34.87 53.67 5.77 5.70 100.00 38 36.25 51.65 5.92 5.55 99.37 38 35.32 54.26 6.15 6.85 102.59
39 37.44 37.64 12.41 12.51 100.00 39 33.18 43.11 13.46 10.26 100.00 39 33.79 42.26 13.60 9.82 99.46 39 34.16 43.52 13.65 10.31 101.64
40 31.37 31.27 18.63 18.73 100.00 40 32.05 33.69 18.99 15.28 100.00 40 31.94 33.62 20.14 13.44 99.14 40 32.03 32.59 20.06 13.71 98.39
41 24.78 25.17 25.07 24.98 100.00 41 23.26 29.26 25.36 22.12 100.00 41 23.42 29.04 25.43 22.05 99.94 41 22.76 29.41 25.13 22.19 99.50
42 18.64 18.74 31.36 31.26 100.00 42 16.15 25.76 27.82 30.27 100.00 42 16.17 25.53 27.12 31.05 99.86 42 15.97 25.79 27.10 31.85 100.72
43 12.53 12.32 37.47 37.68 100.00 43 13.91 12.11 40.61 33.37 100.00 43 14.81 10.56 40.89 33.38 99.65 43 13.38 11.89 40.80 33.71 99.78
44 6.20 6.20 43.70 43.90 100.00 44 3.34 11.21 44.11 41.35 100.00 44 3.87 10.42 43.44 42.80 100.53 44 3.62 8.17 44.01 41.31 97.11
45 0.00 0.00 50.15 49.85 100.00 45 4.62 -3.80 50.15 49.02 100.00 45 4.15 -2.54 49.61 48.68 99.90 45 5.24 -1.75 49.93 49.80 103.21
46 37.41 62.59 0.00 0.00 100.00 46 37.10 61.60 0.14 1.16 100.00 46 36.32 63.19 -0.48 2.12 101.14 46 36.91 62.89 -0.52 1.57 100.85
47 32.57 54.85 4.70 7.89 100.00 47 33.49 53.02 6.36 7.14 100.00 47 33.71 53.52 6.31 6.76 100.30 47 33.73 51.02 6.84 6.00 97.60
48 28.20 46.80 9.30 15.70 100.00 48 31.96 43.53 10.78 13.73 100.00 48 30.62 46.28 10.83 11.58 99.30 48 31.34 43.61 10.80 13.65 99.40
49 23.55 38.82 13.97 23.65 100.00 49 31.29 30.80 18.60 19.31 100.00 49 29.77 33.81 18.09 18.45 100.13 49 30.72 31.31 17.71 20.55 100.28
50 18.56 31.24 18.86 31.34 100.00 50 20.33 28.08 24.45 27.14 100.00 50 19.01 31.15 23.98 26.93 101.06 50 19.02 29.54 23.23 26.93 98.72
51 14.04 23.51 23.31 39.14 100.00 51 16.25 23.02 29.22 31.51 100.00 51 16.83 21.43 29.28 33.63 101.18 51 15.33 22.85 28.51 31.57 98.25
52 9.58 15.87 27.94 46.61 100.00 52 8.42 16.21 30.35 45.02 100.00 52 7.44 17.72 30.16 45.73 101.05 52 6.96 16.44 29.47 43.82 96.69
53 4.79 7.78 32.83 54.59 100.00 53 3.57 8.62 39.13 48.68 100.00 53 3.71 8.43 38.78 49.23 100.15 53 2.62 8.81 38.26 50.36 100.05
54 0.00 0.00 37.46 62.54 100.00 54 0.36 -2.48 45.05 57.07 100.00 54 -1.50 1.26 44.17 56.57 100.50 54 -0.10 -0.35 44.23 57.76 101.54
55 24.90 75.10 0.00 0.00 100.00 55 28.93 71.00 1.64 -1.57 100.00 55 27.20 74.19 1.54 -2.41 100.52 55 27.89 70.44 1.74 -2.34 97.74
56 21.76 65.27 3.29 9.68 100.00 56 25.17 61.24 6.12 7.48 100.00 56 24.20 62.39 5.76 8.86 101.22 56 23.94 60.85 5.64 6.94 97.37
57 18.73 56.18 6.37 18.73 100.00 57 16.99 58.15 5.77 19.09 100.00 57 16.74 58.64 4.77 19.58 99.73 57 15.51 57.85 4.39 21.70 99.45
58 15.52 47.05 9.31 28.13 100.00 58 18.68 43.83 10.60 26.90 100.00 58 19.45 42.62 10.42 27.79 100.28 58 17.65 45.50 8.73 29.16 101.04
59 12.26 37.59 12.56 37.59 100.00 59 13.75 30.52 14.31 41.42 100.00 59 15.94 27.51 13.49 43.28 100.22 59 15.12 28.35 13.24 42.32 99.03
60 9.43 27.98 15.55 47.04 100.00 60 12.65 25.14 17.48 44.73 100.00 60 13.96 23.98 17.01 45.08 100.03 60 12.82 23.97 16.76 45.53 99.08
61 6.39 18.68 18.78 56.14 100.00 61 11.87 15.43 21.37 51.32 100.00 61 11.48 16.45 20.85 51.60 100.38 61 12.42 17.21 20.45 51.39 101.47
62 3.60 10.47 23.88 62.05 100.00 62 3.05 13.21 22.56 61.19 100.00 62 3.77 12.12 22.76 61.05 99.70 62 3.07 12.80 22.93 61.48 100.28
63 0.00 0.00 24.92 75.08 100.00 63 -0.28 6.33 20.83 73.11 100.00 63 -0.63 6.37 20.50 73.63 99.87 63 -0.42 7.38 20.58 73.98 101.52
64 12.65 87.35 0.00 0.00 100.00 64 15.36 90.18 -2.16 -3.37 100.00 64 14.54 90.56 -1.24 -3.47 100.41 64 14.14 92.52 -1.42 -4.93 100.31
65 11.01 76.58 1.60 10.81 100.00 65 16.46 74.45 0.35 8.74 100.00 65 16.28 74.09 0.43 9.35 100.14 65 16.87 70.30 0.91 6.74 94.82
66 9.42 65.53 3.21 21.84 100.00 66 8.90 63.98 3.75 23.37 100.00 66 8.81 63.07 3.57 24.17 99.62 66 8.33 64.12 3.16 24.35 99.95
67 7.61 54.85 4.70 32.83 100.00 67 8.00 56.80 1.11 34.09 100.00 67 8.73 54.55 2.49 33.07 98.83 67 6.95 58.00 1.87 32.96 99.78
68 6.28 43.77 6.38 43.57 100.00 68 8.21 34.43 9.23 48.13 100.00 68 8.66 33.54 9.23 48.16 99.58 68 8.42 35.79 9.32 49.18 102.70
69 4.70 32.83 7.91 54.55 100.00 69 8.87 28.74 8.92 53.47 100.00 69 9.38 28.99 9.21 51.31 98.89 69 10.51 26.72 9.74 52.70 99.67
70 3.19 21.96 9.38 65.47 100.00 70 2.77 19.42 14.17 63.64 100.00 70 2.70 19.39 14.56 62.70 99.36 70 2.72 18.79 14.86 64.46 100.82
71 1.80 10.98 10.78 76.45 100.00 71 0.93 19.54 9.86 69.67 100.00 71 2.62 16.41 10.29 70.17 99.49 71 1.37 20.91 9.76 71.31 103.35
72 0.00 0.00 12.40 87.60 100.00 72 2.56 0.37 15.02 82.05 100.00 72 0.82 2.87 15.41 81.61 100.70 72 1.94 3.49 15.00 80.65 101.09
73 0.00 100.00 0.00 0.00 100.00 73 -2.39 104.25 0.69 -2.55 100.00 73 -4.82 109.70 -0.80 -3.51 100.57 73 -0.49 106.80 -0.14 -2.06 104.12
74 0.00 87.30 0.00 12.70 100.00 74 -2.44 90.45 2.80 9.18 100.00 74 0.05 86.60 3.74 8.36 98.74 74 -0.63 92.32 3.74 11.54 106.96
75 0.00 74.85 0.00 25.15 100.00 75 -3.77 74.48 -4.98 34.27 100.00 75 -4.29 75.49 -4.99 34.26 100.47 75 -4.99 75.54 -5.55 32.83 97.83
76 0.00 62.41 0.00 37.59 100.00 76 -5.09 65.09 -0.56 40.56 100.00 76 -4.51 63.70 -0.72 42.02 100.49 76 -3.53 62.09 -0.49 39.58 97.65
77 0.00 50.10 0.00 49.90 100.00 77 -2.28 45.75 -0.33 56.86 100.00 77 -2.33 45.18 -0.34 57.86 100.38 77 -2.54 44.50 -0.42 56.41 97.95
78 0.00 37.43 0.00 62.57 100.00 78 3.37 26.61 -1.59 71.60 100.00 78 1.69 29.14 -0.94 70.36 100.26 78 3.06 27.20 -0.21 68.93 98.99
79 0.00 25.02 0.00 74.98 100.00 79 0.78 20.02 -2.77 81.98 100.00 79 0.03 21.17 -2.78 82.62 101.04 79 0.73 19.66 -2.01 80.34 98.73
80 0.00 12.49 0.00 87.51 100.00 80 -4.47 20.28 -2.97 87.16 100.00 80 -3.79 18.81 -2.37 86.51 99.17 80 -4.35 18.77 -2.15 87.35 99.62
81 0.00 0.00 0.00 100.00 100.00 81 -2.52 7.41 -4.19 99.29 100.00 81 -2.64 8.10 -4.29 99.16 100.34 81 -3.46 7.01 -4.72 99.55 98.38
PSR - Predicted Weight Percent PCA - Predicted Weight Percent PLS - Predicted Weight PercentActual Weight Percent (%)
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TABLE 4.16 – WEIGHT PERCENT RESULTS FOR FOUR-CONSTITUENT TSS 
SPECTRA WITHOUT PURE MIXTURES 
Four-Constituent Analysis - Organic Samples without Pure Mixture Samples.
Sample 
ID Az Dust Clay 239  Clay 42 Clay F Total
Sample 
ID Az Dust Clay 239  Clay 42 Clay F Total
Sample 
ID Az Dust Clay 239  Clay 42 Clay F Total
Sample 
ID Az Dust Clay 239  Clay 42 Clay F Total
2 87.66 0.00 12.34 0.00 100.00 2 76.58 5.96 13.57 1.68 97.78 2 80.42 2.26 13.28 3.15 99.11 2 80.62 1.87 14.09 2.86 99.44
3 74.88 0.00 25.12 0.00 100.00 3 68.55 4.47 20.72 4.45 98.19 3 70.77 3.52 20.08 4.56 98.93 3 70.04 3.79 20.23 4.94 98.99
4 62.56 0.00 37.44 0.00 100.00 4 58.79 3.30 37.63 -1.53 98.20 4 60.88 1.02 37.90 -1.32 98.48 4 59.99 0.86 38.81 -1.29 98.37
5 50.05 0.00 49.95 0.00 100.00 5 51.06 3.08 44.91 -0.42 98.63 5 53.51 0.06 45.18 0.47 99.23 5 53.66 -0.35 45.86 0.24 99.41
6 37.72 0.00 62.28 0.00 100.00 6 37.58 1.26 59.88 0.20 98.93 6 38.79 0.80 60.00 -0.25 99.34 6 38.49 1.12 60.43 0.33 100.36
7 25.20 0.00 74.80 0.00 100.00 7 27.67 -0.60 71.67 1.96 100.70 7 26.02 -0.26 73.06 1.54 100.36 7 26.12 -0.90 72.81 1.36 99.39
8 12.76 0.00 87.24 0.00 100.00 8 16.32 -9.49 88.03 5.28 100.15 8 15.09 -7.65 88.45 3.76 99.65 8 14.65 -7.36 88.53 3.67 99.50
10 87.13 12.87 0.00 0.00 100.00 10 86.21 14.88 -6.13 2.05 97.00 10 89.13 15.75 -6.05 1.58 100.41 10 88.98 15.62 -6.75 1.33 99.18
11 76.68 10.95 10.85 1.51 100.00 11 72.28 13.35 11.54 1.95 99.12 11 73.47 13.05 10.70 2.35 99.57 11 73.08 13.06 10.82 2.12 99.08
12 65.14 9.36 21.71 3.78 100.00 12 66.40 15.12 15.44 3.38 100.34 12 66.09 14.92 14.80 3.75 99.55 12 65.65 15.21 15.40 3.47 99.73
13 54.76 7.72 33.10 4.41 100.00 13 53.38 13.43 32.10 2.86 101.76 13 50.02 17.54 32.06 1.42 101.05 13 50.42 17.31 30.61 2.50 100.85
14 43.77 6.18 43.67 6.38 100.00 14 41.78 9.66 44.45 4.04 99.94 14 42.53 9.34 43.56 4.67 100.10 14 43.81 8.37 43.14 5.25 100.57
15 32.87 4.68 54.58 7.87 100.00 15 35.93 4.96 52.32 7.88 101.08 15 33.76 6.99 52.77 6.95 100.47 15 33.43 7.33 52.53 6.89 100.19
16 21.83 3.87 64.68 9.62 100.00 16 23.24 2.98 66.52 8.93 101.66 16 22.27 1.68 66.16 9.50 99.60 16 21.99 2.37 66.50 9.10 99.95
17 10.74 1.91 76.61 10.74 100.00 17 12.80 -0.14 74.27 14.53 101.47 17 10.29 1.79 74.28 13.74 100.09 17 10.12 1.80 73.86 14.10 99.88
18 0.00 0.00 87.66 12.34 100.00 18 0.27 3.50 78.13 18.46 100.36 18 -0.84 3.94 78.97 18.10 100.18 18 -1.53 4.15 79.49 17.52 99.63
19 74.90 25.10 0.00 0.00 100.00 19 69.95 13.37 16.48 -0.75 99.05 19 68.94 17.00 17.43 -2.29 101.07 19 69.13 16.43 16.91 -2.69 99.78
20 65.80 21.80 9.30 3.10 100.00 20 67.80 23.06 7.29 3.04 101.20 20 66.76 23.91 7.13 3.12 100.92 20 67.20 24.17 6.42 2.70 100.48
21 56.39 18.66 18.76 6.19 100.00 21 57.05 14.61 23.36 3.73 98.76 21 57.65 15.73 23.70 3.29 100.37 21 58.29 14.71 23.34 3.43 99.77
22 46.84 15.55 28.18 9.43 100.00 22 51.88 13.57 27.76 7.18 100.39 22 52.19 12.43 27.51 7.92 100.05 22 52.36 12.53 27.75 8.00 100.64
23 37.51 12.24 37.61 12.64 100.00 23 39.43 9.57 40.57 11.99 101.55 23 38.32 9.52 40.17 12.30 100.31 23 38.52 9.87 39.70 12.27 100.36
24 28.18 9.43 46.94 15.45 100.00 24 32.28 8.02 48.57 13.39 102.25 24 29.01 10.68 48.96 12.62 101.27 24 29.44 11.04 48.46 12.99 101.93
25 18.84 6.18 56.13 18.84 100.00 25 22.11 5.67 55.22 18.08 101.08 25 21.28 5.48 55.23 18.37 100.37 25 21.44 5.78 55.15 18.38 100.76
26 9.42 3.21 65.53 21.84 100.00 26 9.46 3.52 65.84 22.68 101.50 26 8.96 1.69 65.64 23.59 99.88 26 9.68 1.74 66.02 22.81 100.25
27 0.00 0.00 74.80 25.20 100.00 27 -1.84 2.89 73.54 25.05 99.64 27 -1.16 1.64 74.23 25.12 99.82 27 -1.06 1.62 74.73 23.16 98.45
28 62.56 37.44 0.00 0.00 100.00 28 65.54 37.71 -3.43 1.02 100.84 28 64.80 37.07 -3.23 1.48 100.12 28 64.94 36.90 -2.86 1.61 100.59
29 54.81 32.67 7.82 4.71 100.00 29 57.38 30.45 9.29 4.26 101.38 29 57.17 27.47 9.05 5.69 99.37 29 57.34 27.48 10.05 5.24 100.10
30 46.62 28.23 15.61 9.54 100.00 30 49.86 23.15 17.84 9.85 100.70 30 49.57 22.76 17.22 10.59 100.13 30 49.82 22.91 17.70 11.17 101.60
31 39.08 23.35 23.55 14.03 100.00 31 34.08 25.39 26.11 13.08 98.66 31 35.24 27.06 26.30 12.38 100.99 31 36.39 26.57 25.35 13.20 101.52
32 31.23 18.72 31.33 18.72 100.00 32 25.35 21.96 29.64 21.79 98.74 32 26.80 22.14 29.10 22.35 100.39 32 27.96 20.78 28.39 23.00 100.13
33 23.25 14.03 39.38 23.35 100.00 33 20.91 18.04 33.39 27.21 99.56 33 20.00 20.24 32.41 27.00 99.66 33 20.92 18.20 32.05 28.52 99.69
34 15.56 9.54 46.89 28.01 100.00 34 10.83 12.18 49.37 27.06 99.44 34 12.62 9.88 49.00 28.64 100.14 34 13.81 8.85 49.13 29.23 101.02
35 7.78 4.89 54.39 32.93 100.00 35 4.79 7.07 51.12 33.85 96.83 35 8.11 6.87 51.67 33.82 100.48 35 8.61 6.26 51.57 33.43 99.87
36 0.00 0.00 62.61 37.39 100.00 36 -4.17 -0.54 63.29 42.29 100.87 36 -5.86 1.14 63.20 41.74 100.23 36 -5.87 1.01 62.80 42.21 100.14
37 50.30 49.70 0.00 0.00 100.00 37 55.33 42.76 -2.95 6.19 101.32 37 51.96 45.61 -1.26 4.25 100.55 37 51.53 46.06 -1.24 4.00 100.36
38 43.51 43.81 6.29 6.39 100.00 38 38.55 52.07 5.78 5.39 101.79 38 38.58 48.26 5.55 7.06 99.45 38 38.71 48.51 6.40 6.91 100.53
39 37.44 37.64 12.41 12.51 100.00 39 34.85 43.63 13.58 9.82 101.87 39 33.04 43.57 13.82 9.82 100.26 39 33.36 43.85 13.82 9.77 100.80
40 31.37 31.27 18.63 18.73 100.00 40 30.25 34.07 18.17 16.91 99.38 40 30.65 32.44 18.89 17.18 99.16 40 30.35 32.00 19.60 16.25 98.21
41 24.78 25.17 25.07 24.98 100.00 41 21.22 29.45 25.24 22.76 98.67 41 22.91 28.70 24.94 23.04 99.59 41 22.70 28.69 25.12 23.13 99.64
42 18.64 18.74 31.36 31.26 100.00 42 15.21 26.53 28.18 30.41 100.33 42 14.31 28.23 27.28 30.38 100.20 42 14.67 27.81 27.15 31.36 100.98
43 12.53 12.32 37.47 37.68 100.00 43 11.76 12.16 40.47 33.82 98.22 43 14.83 9.46 39.93 34.97 99.19 43 14.76 9.46 40.71 34.78 99.71
44 6.20 6.20 43.70 43.90 100.00 44 1.51 11.01 43.88 42.27 98.68 44 3.04 11.52 44.21 42.11 100.89 44 3.41 11.65 43.75 41.75 100.55
45 0.00 0.00 50.15 49.85 100.00 45 5.02 -4.63 50.31 49.59 100.30 45 4.71 -4.44 50.29 49.64 100.21 45 4.79 -4.70 50.08 50.00 100.17
46 37.41 62.59 0.00 0.00 100.00 46 37.72 61.44 0.05 1.36 100.57 46 37.75 61.44 0.45 0.92 100.56 46 39.06 61.17 -0.64 0.73 100.32
47 32.57 54.85 4.70 7.89 100.00 47 35.47 52.49 6.27 6.91 101.14 47 34.61 52.65 7.06 6.31 100.63 47 33.74 54.46 6.83 5.64 100.67
48 28.20 46.80 9.30 15.70 100.00 48 32.51 44.12 10.68 13.80 101.11 48 30.08 45.96 10.94 13.03 100.01 48 29.67 45.94 10.79 13.65 100.05
49 23.55 38.82 13.97 23.65 100.00 49 28.19 31.68 18.01 20.44 98.32 49 29.40 32.46 18.32 19.93 100.10 49 30.24 31.14 17.21 21.09 99.68
50 18.56 31.24 18.86 31.34 100.00 50 18.39 29.30 24.24 27.19 99.12 50 18.96 31.33 24.13 25.73 100.15 50 18.23 32.56 23.12 26.44 100.36
51 14.04 23.51 23.31 39.14 100.00 51 12.37 23.33 28.33 32.81 96.84 51 17.09 20.70 28.13 33.50 99.43 51 17.97 19.97 27.93 33.03 98.90
52 9.58 15.87 27.94 46.61 100.00 52 7.80 17.14 29.81 45.17 99.92 52 7.50 18.61 29.68 44.27 100.06 52 7.46 19.05 29.15 43.78 99.44
53 4.79 7.78 32.83 54.59 100.00 53 2.34 8.62 38.50 49.49 98.95 53 4.21 7.10 37.74 50.28 99.33 53 4.21 6.74 37.86 51.15 99.95
54 0.00 0.00 37.46 62.54 100.00 54 1.84 -2.41 45.03 57.21 101.66 54 -1.10 0.73 44.92 55.94 100.50 54 -1.43 1.06 44.15 56.87 100.65
55 24.90 75.10 0.00 0.00 100.00 55 29.86 70.94 1.63 -1.25 101.17 55 26.86 74.33 2.21 -2.97 100.42 55 25.97 74.99 1.75 -2.66 100.06
56 21.76 65.27 3.29 9.68 100.00 56 24.62 61.27 6.12 7.72 99.74 56 23.75 64.01 6.18 6.53 100.47 56 23.76 63.99 5.66 6.56 99.96
57 18.73 56.18 6.37 18.73 100.00 57 18.50 57.17 5.85 19.34 100.86 57 18.55 55.64 4.29 20.92 99.39 57 19.08 54.69 4.33 21.61 99.72
58 15.52 47.05 9.31 28.13 100.00 58 16.20 44.41 9.87 27.81 98.29 58 20.57 39.73 8.29 29.77 98.37 58 20.77 39.37 8.12 30.38 98.64
59 12.26 37.59 12.56 37.59 100.00 59 13.25 31.02 14.43 41.00 99.71 59 15.81 28.87 13.68 42.14 100.49 59 15.72 30.22 12.96 41.75 100.65
60 9.43 27.98 15.55 47.04 100.00 60 11.03 26.26 17.58 43.94 98.80 60 13.96 24.76 16.89 44.47 100.08 60 13.26 26.48 16.54 44.82 101.10
61 6.39 18.68 18.78 56.14 100.00 61 12.11 15.69 21.32 51.47 100.59 61 11.23 17.03 21.12 50.94 100.32 61 10.82 17.45 20.38 51.23 99.89
62 3.60 10.47 23.88 62.05 100.00 62 1.88 13.76 22.26 61.39 99.30 62 3.24 12.43 21.89 61.95 99.51 62 2.63 13.03 22.51 62.04 100.21
63 0.00 0.00 24.92 75.08 100.00 63 -0.71 6.49 20.55 73.22 99.56 63 -1.27 8.01 20.35 73.11 100.19 63 -0.74 6.66 20.46 74.03 100.41
64 12.65 87.35 0.00 0.00 100.00 64 14.81 89.89 -1.66 -3.77 99.27 64 14.05 91.73 -1.31 -4.82 99.65 64 13.56 91.31 -0.71 -4.92 99.24
65 11.01 76.58 1.60 10.81 100.00 65 14.62 74.47 0.24 9.37 98.70 65 14.16 77.34 1.58 8.24 101.31 65 14.60 76.39 0.92 7.33 99.24
66 9.42 65.53 3.21 21.84 100.00 66 9.47 64.21 4.08 23.26 101.02 66 7.29 65.82 3.03 23.58 99.72 66 7.45 64.61 3.30 24.14 99.50
67 7.61 54.85 4.70 32.83 100.00 67 7.24 57.20 1.26 33.45 99.15 67 7.93 55.64 0.50 34.44 98.52 67 7.10 55.15 2.23 34.06 98.54
68 6.28 43.77 6.38 43.57 100.00 68 8.68 35.54 9.71 47.17 101.10 68 7.58 35.87 8.78 47.44 99.67 68 7.25 36.31 9.24 48.08 100.88
69 4.70 32.83 7.91 54.55 100.00 69 7.89 29.94 8.58 53.36 99.77 69 8.23 29.58 9.64 53.11 100.55 69 7.69 30.45 9.31 52.94 100.40
70 3.19 21.96 9.38 65.47 100.00 70 2.14 19.28 13.36 65.01 99.79 70 2.22 17.95 13.18 65.71 99.06 70 1.40 17.60 14.02 66.18 99.20
71 1.80 10.98 10.78 76.45 100.00 71 0.20 20.89 9.46 69.22 99.77 71 2.32 17.22 8.31 70.92 98.77 71 2.28 17.35 9.11 71.38 100.12
72 0.00 0.00 12.40 87.60 100.00 72 2.78 0.74 13.97 83.04 100.53 72 1.38 1.48 14.30 82.28 99.45 72 1.28 0.97 14.26 81.77 98.28
74 0.00 87.30 0.00 12.70 100.00 74 -7.35 92.24 3.93 8.01 96.82 74 -2.02 88.21 3.38 9.46 99.03 74 -2.38 88.54 3.96 10.81 100.93
75 0.00 74.85 0.00 25.15 100.00 75 -3.35 75.25 -4.41 32.53 100.01 75 -3.68 76.94 -4.68 31.69 100.27 75 -4.23 77.93 -5.05 31.29 99.93
76 0.00 62.41 0.00 37.59 100.00 76 -5.80 66.11 -0.91 40.01 99.40 76 -5.49 67.22 0.46 39.36 101.56 76 -4.13 66.44 -0.95 38.54 99.90
77 0.00 50.10 0.00 49.90 100.00 77 -2.42 46.16 -0.83 57.07 99.98 77 -2.15 45.56 -0.94 57.48 99.95 77 -1.54 44.86 -1.13 56.59 98.79
78 0.00 37.43 0.00 62.57 100.00 78 3.73 27.78 -1.93 70.58 100.16 78 0.74 32.46 -0.32 68.07 100.95 78 0.36 32.55 -0.33 68.02 100.60
79 0.00 25.02 0.00 74.98 100.00 79 1.51 20.71 -3.31 81.07 99.99 79 0.65 22.98 -2.16 79.58 101.05 79 0.90 23.39 -2.58 79.10 100.80
80 0.00 12.49 0.00 87.51 100.00 80 -2.47 21.69 -3.99 86.30 101.53 80 -3.07 19.02 -4.04 87.50 99.41 80 -2.50 18.73 -3.32 86.97 99.88
Actual Weight Percent (%) PSR - Predicted Weight Percent PCA - Predicted Weight Percent PLS - Predicted Weight Percent
 
  
 
100
 
TABLE 4.17 – WEIGHT PERCENT RESULTS FOR FOUR-CONSTITUENT 
INORGANIC SPECTRA WITH PURE MIXTURES 
Four-Constituent Analysis - Inorganic Samples with Pure Mixture Samples.
Sample 
ID Az Dust Clay 239  Clay 42 Clay F Total
Sample 
ID Az Dust Clay 239  Clay 42 Clay F Total
Sample 
ID Az Dust Clay 239  Clay 42 Clay F Total
Sample 
ID Az Dust Clay 239  Clay 42 Clay F Total
1 100.00 0.00 0.00 0.00 100.00 1 89.04 3.40 1.38 6.26 100.08 1 91.39 1.29 0.70 6.91 100.28 1 92.68 3.95 -0.94 6.94 102.63
2 87.66 0.00 12.34 0.00 100.00 2 79.63 5.80 9.69 4.03 99.16 2 79.20 3.29 10.67 4.57 97.73 2 80.10 5.66 8.76 4.70 99.21
3 74.88 0.00 25.12 0.00 100.00 3 70.42 5.74 24.36 -1.48 99.04 3 69.24 6.14 25.74 -1.27 99.84 3 71.42 6.30 23.69 -1.31 100.11
4 62.56 0.00 37.44 0.00 100.00 4 53.45 4.36 35.59 5.25 98.65 4 54.40 6.82 35.03 5.44 101.70 4 54.57 5.19 35.38 5.40 100.54
5 50.05 0.00 49.95 0.00 100.00 5 44.63 4.63 49.21 0.87 99.34 5 43.74 2.91 48.13 0.92 95.70 5 44.42 4.17 50.24 0.94 99.76
6 37.72 0.00 62.28 0.00 100.00 6 32.32 4.25 60.15 3.46 100.18 6 31.70 6.19 59.32 3.77 100.99 6 32.31 4.41 60.35 3.76 100.84
7 25.20 0.00 74.80 0.00 100.00 7 21.35 3.61 71.94 2.60 99.50 7 18.25 2.53 71.99 2.93 95.70 7 17.27 2.29 74.69 2.95 97.20
8 12.76 0.00 87.24 0.00 100.00 8 18.52 3.86 76.62 1.02 100.01 8 14.91 3.68 77.47 1.51 97.57 8 15.00 2.43 78.65 1.51 97.59
9 0.00 0.00 100.00 0.00 100.00 9 8.05 3.13 87.54 1.36 100.09 9 8.51 0.77 86.31 1.74 97.33 9 7.57 0.47 88.77 1.79 98.60
10 87.13 12.87 0.00 0.00 100.00 10 83.64 12.16 -1.00 4.88 99.67 10 86.10 12.06 -1.13 4.75 101.77 10 86.03 13.94 -2.41 4.81 102.37
11 76.68 10.95 10.85 1.51 100.00 11 72.72 11.76 13.72 2.99 101.19 11 73.40 9.10 12.92 2.97 98.39 11 75.77 10.96 12.29 3.14 102.16
12 65.14 9.36 21.71 3.78 100.00 12 62.85 7.32 24.71 5.64 100.52 12 64.52 9.94 23.35 5.58 103.38 12 65.84 9.28 23.00 5.51 103.63
13 54.76 7.72 33.10 4.41 100.00 13 47.69 6.56 41.32 5.21 100.78 13 48.40 7.29 40.18 5.23 101.09 13 49.34 6.76 40.66 5.17 101.94
14 43.77 6.18 43.67 6.38 100.00 14 43.33 8.54 47.22 2.12 101.21 14 40.45 7.99 47.70 1.91 98.06 14 42.74 7.66 47.75 2.03 100.19
15 32.87 4.68 54.58 7.87 100.00 15 40.65 3.76 50.11 5.09 99.60 15 40.97 3.69 50.34 5.34 100.33 15 40.28 2.12 50.52 5.28 98.20
16 21.83 3.87 64.68 9.62 100.00 16 19.98 0.55 67.42 12.92 100.87 16 19.52 1.65 68.81 12.96 102.93 16 19.25 0.67 67.62 12.91 100.45
17 10.74 1.91 76.61 10.74 100.00 17 27.65 3.48 66.92 2.46 100.51 17 25.45 1.42 69.20 2.39 98.45 17 24.47 2.50 67.99 2.33 97.30
18 0.00 0.00 87.66 12.34 100.00 18 21.95 3.55 70.21 4.01 99.73 18 20.38 3.86 72.27 4.39 100.90 18 17.50 3.27 71.39 4.29 96.45
19 74.90 25.10 0.00 0.00 100.00 19 55.71 4.62 32.99 6.44 99.75 19 53.14 6.72 34.84 6.31 101.01 19 53.24 5.45 34.15 6.36 99.19
20 65.80 21.80 9.30 3.10 100.00 20 68.72 15.99 14.83 0.14 99.68 20 73.65 15.76 12.88 -0.38 101.90 20 71.55 17.30 13.43 -0.45 101.82
21 56.39 18.66 18.76 6.19 100.00 21 58.88 14.35 23.32 3.31 99.86 21 60.24 14.35 24.17 3.24 101.99 21 58.80 14.71 22.61 3.24 99.36
22 46.84 15.55 28.18 9.43 100.00 22 44.41 9.49 40.29 6.21 100.39 22 44.94 10.36 40.02 6.33 101.65 22 44.74 8.80 40.24 6.36 100.14
23 37.51 12.24 37.61 12.64 100.00 23 45.35 10.03 37.83 6.43 99.63 23 46.01 11.07 38.21 6.48 101.77 23 45.01 9.86 37.66 6.54 99.07
24 28.18 9.43 46.94 15.45 100.00 24 39.45 8.77 44.35 6.74 99.31 24 38.16 8.01 45.34 6.93 98.44 24 36.22 8.83 45.24 7.04 97.33
25 18.84 6.18 56.13 18.84 100.00 25 6.64 1.51 63.44 29.70 101.28 25 9.67 1.92 61.18 29.54 102.31 25 10.92 1.76 61.83 29.35 103.86
26 9.42 3.21 65.53 21.84 100.00 26 -2.97 1.62 72.36 30.86 101.88 26 1.13 -0.18 69.83 30.26 101.04 26 2.55 0.38 70.95 30.21 104.08
27 0.00 0.00 74.80 25.20 100.00 27 -13.24 0.17 81.97 33.53 102.43 27 -12.12 -0.39 80.87 32.94 101.30 27 -10.58 0.91 81.21 32.76 104.29
28 62.56 37.44 0.00 0.00 100.00 28 64.07 41.66 -4.76 -0.19 100.78 28 64.37 39.16 -7.20 -0.67 95.67 28 65.34 39.85 -3.90 -0.65 100.64
29 54.81 32.67 7.82 4.71 100.00 29 51.80 29.44 2.60 14.94 98.77 29 56.80 31.11 -0.24 14.34 102.00 29 54.32 30.59 1.49 14.50 100.90
30 46.62 28.23 15.61 9.54 100.00 30 40.89 19.54 17.34 20.69 98.46 30 43.67 20.86 15.97 20.26 100.76 30 40.92 20.64 17.43 20.45 99.43
31 39.08 23.35 23.55 14.03 100.00 31 27.24 20.59 30.64 22.87 101.34 31 27.08 22.07 29.21 22.34 100.69 31 28.62 20.11 29.93 22.47 101.14
32 31.23 18.72 31.33 18.72 100.00 32 28.80 17.76 28.25 25.17 99.97 32 29.38 19.00 28.44 24.69 101.50 32 28.27 16.94 28.22 24.90 98.34
33 23.25 14.03 39.38 23.35 100.00 33 16.88 15.22 37.43 31.67 101.21 33 17.23 15.16 36.62 31.18 100.20 33 16.75 14.59 37.22 31.42 99.98
34 15.56 9.54 46.89 28.01 100.00 34 7.86 8.55 49.84 34.31 100.57 34 12.51 9.60 47.53 33.97 103.61 34 11.86 8.49 47.85 33.99 102.19
35 7.78 4.89 54.39 32.93 100.00 35 8.67 6.18 51.22 34.45 100.51 35 13.39 9.88 49.10 33.91 106.28 35 13.86 8.77 48.55 33.80 104.98
36 0.00 0.00 62.61 37.39 100.00 36 9.56 2.69 53.80 35.00 101.05 36 12.49 4.39 53.22 34.44 104.54 36 13.10 4.59 51.93 34.23 103.85
37 50.30 49.70 0.00 0.00 100.00 37 44.35 40.15 1.04 14.47 100.00 37 50.28 39.27 -0.99 14.28 102.84 37 46.74 38.85 -0.12 14.39 99.85
38 43.51 43.81 6.29 6.39 100.00 38 43.34 55.65 7.18 -4.14 102.03 38 42.14 54.18 8.22 -5.18 99.36 38 43.66 54.58 7.07 -5.37 99.95
39 37.44 37.64 12.41 12.51 100.00 39 41.65 37.81 10.78 9.86 100.10 39 39.46 39.36 12.88 9.53 101.23 39 38.56 37.23 11.96 9.49 97.23
40 31.37 31.27 18.63 18.73 100.00 40 26.66 27.63 22.56 24.59 101.43 40 26.33 29.45 22.18 24.36 102.32 40 28.19 27.72 21.39 24.45 101.75
41 24.78 25.17 25.07 24.98 100.00 41 21.34 23.73 28.87 27.39 101.33 41 18.11 25.02 30.54 26.66 100.34 41 20.65 24.19 29.07 26.70 100.61
42 18.64 18.74 31.36 31.26 100.00 42 15.29 18.07 31.62 36.09 101.07 42 13.66 18.55 33.83 35.55 101.59 42 15.08 18.07 31.10 35.74 99.98
43 12.53 12.32 37.47 37.68 100.00 43 10.74 12.16 37.97 39.90 100.77 43 8.42 11.87 40.16 39.75 100.20 43 10.48 11.41 37.66 39.83 99.38
44 6.20 6.20 43.70 43.90 100.00 44 8.04 9.31 39.58 43.72 100.64 44 2.89 7.65 42.65 43.35 96.54 44 4.24 8.92 40.88 43.53 97.57
45 0.00 0.00 50.15 49.85 100.00 45 7.43 4.32 39.50 48.94 100.19 45 11.21 3.41 35.74 48.58 98.93 45 11.94 6.58 37.82 48.50 104.84
46 37.41 62.59 0.00 0.00 100.00 46 40.19 67.23 -6.55 1.80 102.67 46 38.71 69.47 -8.44 0.83 100.57 46 39.76 68.33 -5.58 0.75 103.26
47 32.57 54.85 4.70 7.89 100.00 47 39.44 57.41 0.26 3.34 100.44 47 39.57 57.79 -0.14 2.85 100.07 47 40.89 56.72 0.14 2.63 100.39
48 28.20 46.80 9.30 15.70 100.00 48 27.01 43.78 10.03 20.45 101.28 48 25.80 46.78 10.18 20.22 102.98 48 28.83 44.01 9.42 20.15 102.41
49 23.55 38.82 13.97 23.65 100.00 49 36.69 32.55 5.06 23.90 98.21 49 40.59 29.07 3.75 24.33 97.75 49 40.41 31.33 2.98 24.28 99.01
50 18.56 31.24 18.86 31.34 100.00 50 26.30 30.16 20.00 23.99 100.45 50 25.06 29.22 20.37 24.27 98.92 50 28.64 29.60 18.19 24.20 100.64
51 14.04 23.51 23.31 39.14 100.00 51 20.83 23.07 26.00 29.51 99.42 51 16.58 20.48 29.30 30.04 96.40 51 16.60 20.91 27.04 30.08 94.63
52 9.58 15.87 27.94 46.61 100.00 52 13.36 16.90 26.62 41.43 98.30 52 9.95 14.57 29.52 41.74 95.79 52 9.26 15.13 27.87 41.91 94.16
53 4.79 7.78 32.83 54.59 100.00 53 4.40 10.54 42.15 42.17 99.26 53 -1.58 8.31 46.75 42.26 95.75 53 -0.84 9.82 43.79 42.51 95.29
54 0.00 0.00 37.46 62.54 100.00 54 16.30 3.72 32.29 45.38 97.69 54 19.09 0.47 30.99 45.86 96.41 54 17.29 3.78 31.79 45.83 98.69
55 24.90 75.10 0.00 0.00 100.00 55 38.96 75.28 -14.97 0.76 100.03 55 36.33 78.03 -13.55 0.82 101.63 55 36.58 76.12 -14.18 0.93 99.45
56 21.76 65.27 3.29 9.68 100.00 56 26.54 64.14 -0.41 8.37 98.64 56 23.64 64.58 1.93 8.21 98.36 56 20.96 64.07 2.03 8.21 95.26
57 18.73 56.18 6.37 18.73 100.00 57 22.35 62.84 6.41 8.58 100.18 57 18.95 65.00 8.66 7.99 100.59 57 17.63 64.72 8.09 7.70 98.15
58 15.52 47.05 9.31 28.13 100.00 58 9.72 43.25 17.64 29.25 99.85 58 5.84 42.52 21.01 29.51 98.89 58 3.76 42.52 19.34 29.53 95.15
59 12.26 37.59 12.56 37.59 100.00 59 12.85 28.91 16.10 39.80 97.65 59 16.15 28.80 13.80 40.37 99.12 59 13.80 28.11 15.48 40.23 97.62
60 9.43 27.98 15.55 47.04 100.00 60 5.79 22.89 23.01 46.48 98.17 60 4.72 22.84 22.71 47.21 97.48 60 4.32 22.80 23.25 47.08 97.45
61 6.39 18.68 18.78 56.14 100.00 61 13.67 17.39 23.24 45.48 99.78 61 9.31 18.20 23.77 45.75 97.02 61 9.42 18.44 25.23 45.70 98.79
62 3.60 10.47 23.88 62.05 100.00 62 8.01 12.17 23.94 53.61 97.73 62 5.34 13.01 25.72 53.99 98.06 62 3.69 12.43 25.74 54.04 95.90
63 0.00 0.00 24.92 75.08 100.00 63 6.94 6.91 18.24 66.53 98.62 63 5.93 5.80 17.21 67.19 96.13 63 5.45 5.79 19.37 67.37 97.97
64 12.65 87.35 0.00 0.00 100.00 64 10.79 89.24 3.63 -3.13 100.54 64 15.22 90.47 0.67 -1.71 104.66 64 16.21 88.22 0.79 -1.75 103.47
65 11.01 76.58 1.60 10.81 100.00 65 12.20 69.81 -1.40 20.43 101.04 65 16.49 72.81 -5.10 20.38 104.57 65 16.68 71.53 -3.01 20.41 105.60
66 9.42 65.53 3.21 21.84 100.00 66 -1.04 58.12 10.93 32.34 100.35 66 -0.44 57.00 10.03 32.33 98.93 66 0.44 58.63 10.54 32.20 101.81
67 7.61 54.85 4.70 32.83 100.00 67 -0.58 53.53 10.02 37.70 100.67 67 -2.57 54.76 11.68 37.77 101.64 67 -2.01 54.69 10.21 37.39 100.29
68 6.28 43.77 6.38 43.57 100.00 68 11.60 36.19 6.49 45.31 99.59 68 4.06 41.04 11.32 45.51 101.93 68 5.40 37.81 9.02 45.41 97.64
69 4.70 32.83 7.91 54.55 100.00 69 13.95 27.72 4.58 51.97 98.23 69 13.05 28.54 5.95 51.96 99.49 69 12.27 29.03 5.38 51.76 98.43
70 3.19 21.96 9.38 65.47 100.00 70 7.73 19.77 7.16 64.19 98.85 70 6.22 19.80 8.71 64.13 98.86 70 3.77 21.12 8.77 64.14 97.81
71 1.80 10.98 10.78 76.45 100.00 71 -0.88 14.57 11.05 73.65 98.39 71 2.09 13.27 10.14 74.27 99.78 71 0.73 13.33 10.33 74.22 98.60
72 0.00 0.00 12.40 87.60 100.00 72 10.26 4.57 7.94 76.82 99.59 72 10.80 4.97 6.57 77.17 99.51 72 9.27 4.33 9.01 77.43 100.04
73 0.00 100.00 0.00 0.00 100.00 73 -2.81 102.17 1.94 -3.10 98.20 73 -2.05 101.64 2.62 -2.53 99.67 73 -2.30 102.66 1.62 -1.42 100.57
74 0.00 87.30 0.00 12.70 100.00 74 -4.78 93.88 7.90 2.07 99.08 74 -2.46 85.53 5.47 2.33 90.87 74 -3.81 91.75 8.18 2.38 98.51
75 0.00 74.85 0.00 25.15 100.00 75 3.16 78.38 -2.52 20.13 99.14 75 0.79 75.43 0.77 19.69 96.68 75 2.51 77.41 -2.11 19.19 97.00
76 0.00 62.41 0.00 37.59 100.00 76 -16.56 59.04 3.61 52.08 98.18 76 -11.52 60.48 0.81 52.11 101.87 76 -15.13 60.70 2.29 51.69 99.55
77 0.00 50.10 0.00 49.90 100.00 77 6.75 48.30 -5.14 51.94 101.85 77 7.86 48.36 -5.56 51.66 102.32 77 11.02 47.94 -7.10 51.63 103.49
78 0.00 37.43 0.00 62.57 100.00 78 5.37 32.48 -2.92 67.77 102.71 78 1.24 33.98 -0.84 67.79 102.18 78 5.04 32.80 -3.10 67.97 102.71
79 0.00 25.02 0.00 74.98 100.00 79 -0.55 25.99 -4.00 80.21 101.65 79 -0.03 25.14 -4.56 80.16 100.71 79 2.11 25.47 -4.74 80.19 103.04
80 0.00 12.49 0.00 87.51 100.00 80 -13.56 15.72 5.88 94.00 102.04 80 -8.73 15.65 3.35 94.21 104.49 80 -8.23 14.00 3.79 94.29 103.85
81 0.00 0.00 0.00 100.00 100.00 81 -1.59 9.94 -1.64 93.33 100.05 81 -3.31 7.92 -1.08 93.57 97.10 81 -3.92 8.02 -0.05 93.88 97.92
Actual Weight Percent (%) PSR - Predicted Weight Percent PCA - Predicted Weight Percent PLS - Predicted Weight Percent
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TABLE 4.18 – WEIGHT PERCENT RESULTS FOR FOUR-CONSTITUENT 
INORGANIC SPECTRA WITHOUT PURE MIXTURES 
Four Component Analysis -Inorganic Samples without Pure Component Samples.
Sample 
ID Az Dust Clay 239  Clay 42 Clay F Total
Sample 
ID Az Dust Clay 239  Clay 42 Clay F Total
Sample 
ID Az Dust Clay 239  Clay 42 Clay F Total
Sample 
ID Az Dust Clay 239  Clay 42 Clay F Total
2 87.66 0.00 12.34 0.00 100.00 2 76.71 6.38 11.25 4.39 98.73 2 77.10 6.40 11.92 8.15 103.56 2 77.27 6.01 9.40 5.20 97.89
3 74.88 0.00 25.12 0.00 100.00 3 69.66 5.66 24.63 -0.45 99.50 3 68.78 5.96 25.75 -1.64 98.84 3 71.10 6.22 23.55 -0.28 100.59
4 62.56 0.00 37.44 0.00 100.00 4 53.31 4.49 35.54 5.44 98.78 4 54.91 4.68 34.95 2.53 97.07 4 54.80 5.46 35.29 5.92 101.47
5 50.05 0.00 49.95 0.00 100.00 5 45.02 4.71 48.10 1.06 98.89 5 45.25 4.80 47.21 6.15 103.41 5 44.62 4.19 49.34 1.47 99.63
6 37.72 0.00 62.28 0.00 100.00 6 33.08 4.54 58.76 3.18 99.56 6 32.51 4.34 58.17 3.61 98.63 6 33.26 4.78 59.16 3.93 101.12
7 25.20 0.00 74.80 0.00 100.00 7 23.05 3.76 69.39 2.58 98.78 7 20.36 3.12 69.54 9.59 102.62 7 18.90 2.32 72.60 3.21 97.02
8 12.76 0.00 87.24 0.00 100.00 8 20.55 3.99 73.84 1.13 99.51 8 16.74 3.01 74.74 5.62 100.10 8 17.35 2.43 76.24 1.72 97.73
10 87.13 12.87 0.00 0.00 100.00 10 80.90 12.66 0.45 5.54 99.55 10 83.36 13.99 0.11 2.76 100.21 10 83.40 14.49 -1.59 5.35 101.65
11 76.68 10.95 10.85 1.51 100.00 11 70.62 12.63 14.73 2.96 100.94 11 73.47 12.37 13.99 4.76 104.58 11 73.51 11.57 12.82 3.21 101.10
12 65.14 9.36 21.71 3.78 100.00 12 61.47 7.56 25.70 5.95 100.68 12 63.70 8.47 24.32 1.91 98.41 12 65.28 9.50 23.40 6.12 104.29
13 54.76 7.72 33.10 4.41 100.00 13 47.46 6.62 41.02 5.80 100.90 13 49.21 6.57 39.85 4.91 100.54 13 49.50 6.69 40.07 5.83 102.10
14 43.77 6.18 43.67 6.38 100.00 14 43.70 9.27 46.63 1.53 101.14 14 42.13 8.89 47.30 3.97 102.30 14 43.14 8.17 47.38 1.81 100.49
15 32.87 4.68 54.58 7.87 100.00 15 41.43 3.85 49.18 5.83 100.29 15 42.67 2.56 48.99 5.28 99.50 15 41.41 1.86 49.52 5.97 98.76
16 21.83 3.87 64.68 9.62 100.00 16 20.73 0.90 66.21 12.86 100.70 16 20.83 0.75 67.51 9.46 98.55 16 19.58 1.00 66.83 12.98 100.39
17 10.74 1.91 76.61 10.74 100.00 17 28.66 3.62 65.30 3.02 100.60 17 24.95 3.25 67.25 5.67 101.12 17 25.27 2.32 66.68 2.88 97.15
18 0.00 0.00 87.66 12.34 100.00 18 22.87 3.52 68.52 4.62 99.53 18 18.52 3.11 70.12 6.31 98.05 18 18.79 3.01 69.70 4.87 96.37
19 74.90 25.10 0.00 0.00 100.00 19 55.41 5.04 32.97 6.59 100.01 19 53.81 5.50 34.60 5.24 99.14 19 53.26 5.86 34.05 6.60 99.77
20 65.80 21.80 9.30 3.10 100.00 20 67.25 16.05 15.59 1.04 99.93 20 71.02 17.02 13.49 -1.96 99.58 20 70.04 17.37 14.02 0.50 101.94
21 56.39 18.66 18.76 6.19 100.00 21 57.57 14.82 24.01 3.70 100.10 21 58.76 14.73 24.58 0.24 98.31 21 57.77 15.11 23.13 3.67 99.68
22 46.84 15.55 28.18 9.43 100.00 22 44.73 9.92 39.28 6.54 100.47 22 45.25 9.27 38.90 5.16 98.59 22 45.32 9.11 39.23 6.60 100.27
23 37.51 12.24 37.61 12.64 100.00 23 45.25 10.77 37.58 6.05 99.65 23 44.83 10.43 37.84 3.97 97.06 23 45.24 10.52 37.50 6.39 99.65
24 28.18 9.43 46.94 15.45 100.00 24 38.73 9.58 44.21 5.88 98.39 24 36.23 9.61 45.23 9.70 100.77 24 35.28 9.61 45.27 6.78 96.93
25 18.84 6.18 56.13 18.84 100.00 25 7.67 0.78 62.50 30.91 101.86 25 11.71 0.70 60.21 26.95 99.57 25 12.26 0.89 60.73 30.15 104.04
26 9.42 3.21 65.53 21.84 100.00 26 -1.19 1.39 70.77 31.27 102.24 26 4.58 0.90 68.44 27.91 101.83 26 3.28 -0.01 70.01 30.28 103.56
27 0.00 0.00 74.80 25.20 100.00 27 -11.75 -0.58 80.55 34.32 102.54 27 -9.33 0.10 79.60 32.08 102.44 27 -9.73 0.08 80.11 33.24 103.71
28 62.56 37.44 0.00 0.00 100.00 28 64.31 41.34 -5.99 1.68 101.33 28 66.49 40.61 -8.28 5.68 104.50 28 65.72 39.44 -5.19 0.43 100.39
29 54.81 32.67 7.82 4.71 100.00 29 51.13 29.93 2.99 14.64 98.70 29 52.78 30.58 0.44 10.90 94.70 29 54.09 31.43 2.06 14.12 101.71
30 46.62 28.23 15.61 9.54 100.00 30 40.39 20.12 17.71 20.09 98.31 30 40.95 20.75 16.51 17.32 95.53 30 41.00 21.50 17.98 19.77 100.24
31 39.08 23.35 23.55 14.03 100.00 31 27.68 21.15 30.74 22.12 101.69 31 27.25 20.64 29.62 21.45 98.96 31 29.52 20.56 30.12 21.83 102.04
32 31.23 18.72 31.33 18.72 100.00 32 28.92 18.59 28.88 24.22 100.61 32 29.29 17.70 29.04 20.51 96.55 32 28.94 17.67 29.05 23.88 99.54
33 23.25 14.03 39.38 23.35 100.00 33 16.97 16.13 37.48 30.63 101.22 33 16.54 15.61 36.88 30.18 99.21 33 17.29 15.31 37.41 30.25 100.27
34 15.56 9.54 46.89 28.01 100.00 34 8.15 8.70 50.11 33.86 100.82 34 12.04 8.42 47.82 29.51 97.80 34 12.07 8.53 48.13 33.55 102.28
35 7.78 4.89 54.39 32.93 100.00 35 8.78 5.94 51.91 34.16 100.79 35 12.57 7.23 49.95 25.31 95.06 35 14.10 8.74 49.26 33.67 105.78
36 0.00 0.00 62.61 37.39 100.00 36 9.50 1.95 54.44 35.83 101.73 36 13.69 2.93 53.72 28.86 99.20 36 12.70 3.89 52.49 34.91 103.99
37 50.30 49.70 0.00 0.00 100.00 37 44.13 40.65 -0.06 15.32 100.05 37 46.69 39.64 -2.13 11.26 95.47 37 46.61 39.45 -1.05 14.34 99.34
38 43.51 43.81 6.29 6.39 100.00 38 44.36 54.77 6.13 -2.02 103.25 38 42.62 54.43 7.09 -2.28 101.86 38 44.01 53.68 6.38 -3.95 100.12
39 37.44 37.64 12.41 12.51 100.00 39 41.98 37.67 10.74 10.84 101.22 39 40.23 36.99 12.41 8.39 98.02 39 39.52 37.00 11.77 9.93 98.21
40 31.37 31.27 18.63 18.73 100.00 40 26.52 28.05 22.82 24.21 101.60 40 26.06 27.70 22.65 21.33 97.75 40 28.60 28.15 21.50 23.93 102.18
41 24.78 25.17 25.07 24.98 100.00 41 21.71 23.88 29.40 27.08 102.07 41 19.41 24.33 31.05 25.78 100.57 41 21.11 24.21 29.61 26.34 101.28
42 18.64 18.74 31.36 31.26 100.00 42 15.10 18.91 32.30 34.91 101.22 42 13.35 18.91 34.60 31.91 98.77 42 14.39 18.90 32.13 34.57 99.99
43 12.53 12.32 37.47 37.68 100.00 43 10.82 12.41 38.52 39.67 101.41 43 9.93 11.81 40.50 38.12 100.36 43 10.58 11.42 38.07 39.32 99.39
44 6.20 6.20 43.70 43.90 100.00 44 7.70 9.87 40.53 42.82 100.93 44 4.39 9.82 43.49 45.75 103.44 44 4.00 9.18 41.80 42.59 97.57
45 0.00 0.00 50.15 49.85 100.00 45 6.43 3.85 40.36 49.14 99.77 45 11.52 5.44 37.01 49.07 103.04 45 10.91 6.23 38.44 48.75 104.33
46 37.41 62.59 0.00 0.00 100.00 46 40.02 67.22 -6.21 1.92 102.94 46 41.21 68.05 -7.76 1.23 102.74 46 40.31 68.36 -5.42 0.79 104.04
47 32.57 54.85 4.70 7.89 100.00 47 40.19 56.53 -0.06 5.02 101.69 47 41.95 55.94 -0.53 2.13 99.48 47 41.91 55.92 -0.16 3.82 101.50
48 28.20 46.80 9.30 15.70 100.00 48 27.35 43.66 9.87 20.62 101.51 48 27.90 43.49 10.27 17.31 98.97 48 28.71 44.15 9.37 20.28 102.52
49 23.55 38.82 13.97 23.65 100.00 49 35.52 32.26 5.63 24.69 98.10 49 37.32 31.71 4.10 28.24 101.37 49 38.75 30.92 3.04 24.95 97.67
50 18.56 31.24 18.86 31.34 100.00 50 25.96 29.79 20.22 24.57 100.55 50 23.46 29.50 20.53 27.96 101.45 50 28.30 29.05 17.79 24.69 99.83
51 14.04 23.51 23.31 39.14 100.00 51 20.55 23.09 25.95 30.00 99.59 51 15.75 21.74 28.71 36.95 103.15 51 16.21 20.51 26.50 30.27 93.48
52 9.58 15.87 27.94 46.61 100.00 52 13.39 17.35 26.49 41.00 98.23 52 8.03 16.41 29.11 47.55 101.11 52 8.94 15.35 27.75 41.39 93.43
53 4.79 7.78 32.83 54.59 100.00 53 4.41 11.30 41.92 40.94 98.57 53 -3.16 11.27 46.49 47.22 101.82 53 -1.69 10.53 43.92 41.37 94.13
54 0.00 0.00 37.46 62.54 100.00 54 15.29 3.48 32.51 45.91 97.20 54 16.78 3.80 31.00 50.93 102.51 54 16.08 3.41 31.57 46.27 97.33
55 24.90 75.10 0.00 0.00 100.00 55 37.30 76.14 -13.03 -1.21 99.21 55 36.52 76.58 -11.50 -2.01 99.59 55 35.21 77.21 -12.63 -0.43 99.37
56 21.76 65.27 3.29 9.68 100.00 56 26.47 64.25 -0.25 7.99 98.46 56 23.05 64.28 1.96 10.05 99.34 56 20.86 64.39 2.39 7.89 95.53
57 18.73 56.18 6.37 18.73 100.00 57 22.77 61.81 6.14 9.83 100.55 57 17.51 63.18 8.14 10.94 99.77 57 18.13 63.91 7.72 8.72 98.49
58 15.52 47.05 9.31 28.13 100.00 58 9.42 43.66 17.39 29.00 99.46 58 4.38 43.04 20.49 32.58 100.49 58 3.33 42.85 19.08 29.16 94.42
59 12.26 37.59 12.56 37.59 100.00 59 13.01 28.64 15.76 40.38 97.79 59 14.41 27.58 13.38 42.17 97.54 59 14.47 27.81 14.95 40.85 98.09
60 9.43 27.98 15.55 47.04 100.00 60 5.72 22.56 22.84 46.87 97.99 60 3.39 22.16 22.43 52.31 100.29 60 4.72 22.36 22.62 47.62 97.32
61 6.39 18.68 18.78 56.14 100.00 61 13.44 17.44 22.66 45.73 99.27 61 9.80 18.03 23.31 51.93 103.07 61 9.51 18.48 24.43 46.01 98.43
62 3.60 10.47 23.88 62.05 100.00 62 8.26 12.54 23.39 53.38 97.57 62 4.20 12.48 25.07 56.22 97.98 62 4.14 12.90 25.35 53.80 96.18
63 0.00 0.00 24.92 75.08 100.00 63 6.57 7.94 17.94 65.76 98.20 63 6.58 6.99 17.04 70.89 101.50 63 5.62 6.58 18.93 66.60 97.74
64 12.65 87.35 0.00 0.00 100.00 64 9.81 89.81 3.78 -4.74 98.66 64 13.81 88.66 1.03 -6.87 96.63 64 15.99 88.89 -0.04 -3.07 101.77
65 11.01 76.58 1.60 10.81 100.00 65 10.86 70.97 0.13 17.70 99.66 65 15.88 72.21 -3.08 14.17 99.17 65 15.49 72.83 -1.81 18.56 105.06
66 9.42 65.53 3.21 21.84 100.00 66 -1.51 58.34 11.34 31.39 99.56 66 0.57 58.89 10.79 32.56 102.81 66 -0.74 58.96 11.15 31.79 101.15
67 7.61 54.85 4.70 32.83 100.00 67 -0.53 52.77 9.95 38.72 100.91 67 -2.63 53.57 11.26 39.66 101.86 67 -2.32 53.84 9.74 38.35 99.61
68 6.28 43.77 6.38 43.57 100.00 68 12.05 36.65 6.43 45.00 100.12 68 5.97 37.18 11.02 42.31 96.47 68 6.62 38.38 8.97 45.17 99.13
69 4.70 32.83 7.91 54.55 100.00 69 13.87 27.56 4.69 52.65 98.77 69 12.52 28.36 5.82 52.16 98.86 69 12.13 28.93 5.56 52.42 99.05
70 3.19 21.96 9.38 65.47 100.00 70 6.98 20.67 7.40 63.63 98.67 70 4.25 21.70 8.80 65.49 100.25 70 3.01 21.92 9.15 63.69 97.77
71 1.80 10.98 10.78 76.45 100.00 71 -0.95 15.14 10.61 73.84 98.64 71 0.55 14.19 9.40 75.00 99.14 71 0.53 13.57 9.73 74.20 98.04
72 0.00 0.00 12.40 87.60 100.00 72 9.66 6.62 7.02 75.28 98.59 72 10.04 6.37 6.04 77.73 100.17 72 8.33 6.32 8.55 76.08 99.28
74 0.00 87.30 0.00 12.70 100.00 74 -5.22 94.51 7.74 0.09 97.12 74 -3.67 94.22 5.86 9.18 105.59 74 -4.59 92.32 8.35 0.96 97.05
75 0.00 74.85 0.00 25.15 100.00 75 4.61 77.02 -2.83 21.96 100.76 75 3.43 76.57 0.15 20.71 100.86 75 3.11 76.10 -1.76 20.92 98.37
76 0.00 62.41 0.00 37.59 100.00 76 -16.39 58.67 4.28 52.11 98.67 76 -14.58 59.10 1.43 49.07 95.01 76 -13.92 60.32 2.91 52.24 101.55
77 0.00 50.10 0.00 49.90 100.00 77 6.37 49.73 -4.51 50.40 101.99 77 8.63 49.46 -4.57 46.41 99.92 77 9.93 49.20 -6.00 50.66 103.80
78 0.00 37.43 0.00 62.57 100.00 78 4.37 34.95 -2.61 65.19 101.89 78 2.03 35.05 -0.02 64.34 101.41 78 3.15 35.13 -2.28 66.12 102.12
79 0.00 25.02 0.00 74.98 100.00 79 -0.95 27.90 -4.14 78.90 101.71 79 0.86 27.75 -4.49 77.91 102.03 79 1.13 26.94 -4.50 79.17 102.74
80 0.00 12.49 0.00 87.51 100.00 80 -13.41 18.14 4.82 92.43 101.98 80 -9.34 16.92 2.46 89.25 99.29 80 -8.90 15.82 3.22 92.90 103.04
Actual Weight Percent (%) PSR - Predicted Weight Percent PCA - Predicted Weight Percent PLS - Predicted Weight Percent
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 An evaluation was conducted to investigate the selection of the number of P-splines 
to use in the PSR model.  The evaluation was conducted using the three-constituent TSS with 
and without pure mixture data for 10, 20, 30, and 40 P-splines.  The results of the analysis are 
presented in Table 4.19 and show that the SEP results for the different P-spline values were 
very similar for each constituents, yet the CVSEP values were all the lowest for all 
constituents when using 30 P-splines.  Therefore, the number of P-splines selected for use 
was thirty which was used throughout this research investigation using the PSR analyses.   
 The number of P-splines was fixed for all PSR calculations and evaluations of the 
spectral data including the four constituent analyses to simplify and aid in the evaluation 
process.  The selection of 30 P-splines meant that there were actually a total of 34 P-splines 
utilized because there were three P-splines used for the boundary conditions and one used for 
the y-intercept.  The PSR analyses could be re-evaluated by determining the effects of 
prediction with the selection of the number of P-splines used and the number of knots used in 
the evaluation of this data (Engel and Kneip, Comments on Eliers and Marx, 1996). 
 In this research the pure constituent spectrums were relatively smooth curves which 
did not seem to pose any un-due variability in the data.  Therefore, to address the issue of 
whether to include or exclude the pure spectrums two alternate approaches were created.  
The two alternate approaches in this study were (1) to evaluate the spectral data “with” the 
pure constituent mixture spectrums and (2) “without” the pure constituent mixture spectrums 
incorporated into the data input files.  These two different scenarios were termed “with” or 
“without pure mixtures” and were conducted for the TSS and inorganic analyses of the three 
and four-constituent experiments. 
 The calculated regression coefficients are tabulated in Appendix I and J for the three  
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TABLE 4.19  COMPARISON OF THE 10, 20, 30, AND 40 P-SPLINES SIGNAL REGRESSION RESULTS  
 
Three-Constituent TSS Mixture Analyses without pure mixture samples
ps=10 ps=20 ps=30 ps=40
Lambda Effective df Lambda Effective df Lambda Effective df Lambda Effective df
Azdust Clay239 Clay42 Azdust Clay239 Clay42 Azdust Clay239 Clay42 Azdust Clay239 Clay42
0.0000100 4.96 4.83 0.0003162 4.98 4.84 0.0031623 4.90 4.82 0.0100000 4.99 4.84
0.0000100 4.96 5.02  0.0003162 4.98 5.02  0.0010000 5.29 5.01  0.0100000 4.99 5.02  
0.0000100 4.96  6.86 0.0000100 6.66 6.37 0.0000316 7.29 6.34 0.0001000 7.51 6.35
   
 Azdust Clay239 Clay42 Azdust Clay239 Clay42 Azdust Clay239 Clay42 Azdust Clay239 Clay42
Avg Diff 0.62 3.41 -4.03 Avg Diff 0.63 3.42 -4.15 Avg Diff 0.55 3.53 -4.02 Avg Diff 0.63 3.42 -4.00
SEP 3.30 4.31 5.31 SEP 3.31 4.31 5.15 SEP 3.17 4.35 4.72 SEP 3.32 4.31 4.62
  
Three-Constituent TSS Mixture Analyses with pure mixture samples
ps=10 ps=20 ps=30 ps=40
Signal Regression Signal Regression Signal Regression Signal Regression
Lambda Effective df Lambda Effective df Lambda Effective df Lambda Effective df
Azdust Clay239 Clay42 Azdust Clay239 Clay42 Azdust Clay239 Clay42 Azdust Clay239 Clay42
0.0001000 4.44 3.73 0.0010000 4.87 3.66 0.0100000 4.77 3.65 0.0316228 4.88 3.66
0.0031623 3.87 9.89  0.0001000 5.88 9.01  0.0001000 7.05 7.49 0.0003162 7.26 7.52  
0.0010000 4.01  11.34 0.0001000 5.88 7.23 0.0001000 7.05 5.65 0.0003162 7.26 5.67
 Azdust Clay239 Clay42 Azdust Clay239 Clay42 Azdust Clay239 Clay42 Azdust Clay239 Clay42
Avg Diff 0.03 3.24 -3.25 Avg Diff 0.27 3.48 -4.11 Avg Diff 0.22 2.97 -3.77 Avg Diff 0.27 2.94 -3.76
SEP 1.77 4.69 4.47 SEP 2.41 4.44 5.83 SEP 2.27 4.11 4.90 SEP 2.43 4.11 4.81
  
Signal RegressionSignal Regression Signal Regression Signal Regression
CViCVi CVi CVi
Signal RegressionSignal Regression Signal Regression Signal Regression
CViCVi CVi CVi
Signal RegressionSignal Regression Signal Regression Signal Regression
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and four-constituent mixture experiments, respectively.  These regression coefficient results 
are presented graphically in Appendix K and L for the three and four-constituent mixture 
experiments, respectively.  In these graphs, the regression coefficients from the PSR, PCA, 
and PLS are superimposed to illustrate the differences between the modeling methods.  The 
graphical results illustrate the relatively smoothness of the PSR β’s when compared to the β’s 
calculated from the PCA and PLS methods.  The smoothness of PSR β’s is an inherent 
characteristic of the PSR technique that constrains the magnitude of change of the P-splines 
using the alpha difference penalty shown in Equation 3.29.  Additionally, the estimated 
signal regression coefficient vector (the β’s) with twice standard error bands can be produced 
by the PSR method.  This is a unique function of the PSR method that can not be duplicated 
by either the PCA nor the PLS methods. 
4.4.1  Three-Constituent Analyses 
 Table 4.20 is a summary of the SEP results for three-constituent TSS and inorganic 
mixture experiments with and without pure constituents.  The table shows the overall average 
SEP results for each set of experimental conditions and illustrates that the PSR, PCA, and 
PLS statistical methods had very similar results and performance.  The summary table shows 
the following results:  
1) The lowest SEP was 1.45 for Arizona Dust constituent using PSR analysis on the 
inorganic spectral data without the pure mixture data included followed by 1.47 for 
the PLS analysis on the organic spectral data with the pure mixture data.  
2) The highest SEP was 11.29 for Clay 42 using PSR analysis of the inorganic spectral 
data with the pure mixture data.  
3) The TSS spectra analyses with and without the pure mixtures seemed to be 
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TABLE 4.20 – STANDARD ERROR OF PREDICTION RESULTS FOR THE THREE-
CONSTITUENT MIXTURE EXPERIMENT 
Az Dust Clay 239 Clay 42 Az Dust Clay 239 Clay 42 Az Dust Clay 239 Clay 42
2.27 4.11 4.90 3.06 10.48 8.39 1.47 3.77 4.40
3.76 7.31 3.21
Az Dust Clay 239 Clay 42 Az Dust Clay 239 Clay 42 Az Dust Clay 239 Clay 42
3.17 4.35 4.72 2.84 4.34 4.85 3.06 5.41 6.54
4.08 4.01 5.01
Three Constituent Inorganic Samples with Pure Component Samples.
Az Dust Clay 239 Clay 42 Az Dust Clay 239 Clay 42 Az Dust Clay 239 Clay 42
4.73 7.55 11.29 8.13 5.61 10.87 9.57 6.67 7.54
7.86 8.20 7.93
Three Constituent Inorganic Samples without Pure Component Samples.
Az Dust Clay 239 Clay 42 Az Dust Clay 239 Clay 42 Az Dust Clay 239 Clay 42
1.45 6.15 7.85 1.67 5.61 7.48 1.65 7.50 7.48
5.15 4.92 5.54
Average SEP Average SEP Average SEP
Average SEP
Principal Component SEP Partial Least Squares SEPSignal Regression SEP
Three Constituent Organic Samples with Pure Component Samples.
Three Constituent Organic Samples without Pure Component Samples.
Signal Regression SEP Principal Component SEP Partial Least Squares SEP
Signal Regression SEP Principal Component SEP Partial Least Squares SEP
Average SEP Average SEP
Average SEP Average SEP Average SEP
Average SEP Average SEP Average SEP
Signal Regression SEP Principal Component SEP Partial Least Squares SEP
 
 consistently better at prediction capability than when compared to the inorganic 
spectral analyses with and without the pure mixtures. 
4) The PSR and the PLS analyses of the TSS spectral data with the pure mixtures had 
the two lowest average SEP for all the data scenarios, 3.76 and 3.21, respectively. 
5) The Arizona Dust constituent had an overall lower SEP than the other constituents 
and therefore had the greatest predictive capability of any of the other constituents. 
6) The PSR method for all the experimental conditions had a SEP range from 1.45 for 
Arizona Dust in the TCIWOP analysis to 11.29 for Clay 42 in the TCIWP analysis. 
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7) The PCA method for all the experimental conditions had a SEP range from 1.67 for 
Arizona Dust in the TCIWOP analyses to 10.87 for Clay 42 in the TCIWP analysis. 
8) The PLS method for all the experimental conditions had a SEP range from 1.47 for 
Arizona Dust in the TCTSSWP analyses to 9.57 for Arizona Dust in the TCIWP 
analyses. 
9) The overall average SEP of the Arizona Dust, Clay 239, and Clay 42 for the TSS 
analyses with the pure samples used in the training data set were 3.76, 7.31, and 3.21  
for the PSR, PCA, and PLS respectively.  Therefore the PLS statistical method had 
the best predictive capability of the three methods for the TSS analysis with the pure 
mixtures. 
10) The overall average SEP of the Arizona Dust, Clay 239, and Clay 42 for the TSS 
analyses without the pure samples used in the training data set was 4.08, 4.01, and 
5.01 for the PSR, PCA, and PLS, respectively.  Therefore the PCA statistical method 
had the best predictive capability of the three methods for the TSS analysis without 
the pure mixtures. 
11) The overall average SEP of the Arizona Dust, Clay 239, and Clay 42 for the inorganic 
analyses with the pure samples used in the training data set were 7.86, 8.20, and 7.93 
for the PSR, PCA, and PLS, respectively.  Therefore the PSR statistical method had 
the best predictive capability of the three methods for the inorganic analysis with the 
pure mixtures. 
12) The average SEP of the Arizona Dust, Clay 239, and Clay 42 for the inorganic PSR, 
PCA, and PLS analyses without the pure samples used in the training data set was 
5.15, 4.92, and 5.54 for the PSR, PCA, and PLS, respectively.  Therefore the PCA 
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statistical method had the best predictive capability of the three methods for the 
inorganic analysis without the pure mixtures. 
 Table 4.21 is a summary of the coefficient-of-determination results for three-
constituent TSS and inorganic mixture experiments with and without pure constituents.  The 
table shows the overall average coefficient-of-determination results for each set of 
TABLE 4.21 – COEFFICIENT OF DETERMINATION RESULTS FOR THE THREE-
CONSTITUENT MIXTURE EXPERIMENT 
Az Dust Clay 239 Clay 42 Az Dust Clay 239 Clay 42 Az Dust Clay 239 Clay 42
0.973 0.958 0.956 0.956 0.858 0.895 0.989 0.964 0.967
0.96 0.90 0.97
Az Dust Clay 239 Clay 42 Az Dust Clay 239 Clay 42 Az Dust Clay 239 Clay 42
0.949 0.967 0.972 0.964 0.933 0.946 0.956 0.946 0.830
0.96 0.95 0.91
Az Dust Clay 239 Clay 42 Az Dust Clay 239 Clay 42 Az Dust Clay 239 Clay 42
0.992 0.839 0.938 0.825 0.919 0.962 0.946 0.919 0.970
0.92 0.90 0.94
Az Dust Clay 239 Clay 42 Az Dust Clay 239 Clay 42 Az Dust Clay 239 Clay 42
0.996 0.941 0.970 0.994 0.969 0.977 0.995 0.863 0.977
0.97 0.98 0.94Avg. Avg. Avg.
Avg. Avg. Avg.
Avg. Avg. Avg.
PSR PCA PLS
Avg. Avg.
PSR PCA PLS
Avg.
PSR PCA PLS
PSR PCA PLS
 
experimental conditions.  The results from Table 4.21 showed that the PSR, PCA, and PLS 
statistical methods had very similar results.  Using the observed and the predicted data, the 
coefficient-of-determination was calculated by taking the square of the correlation coefficient 
(Hogg Ledolter, 1987) given by,  
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The coefficient-of-determination calculation was conducted by using equation 4.3 for the 
observed and predicted validation data taken from Tables 4.11 through 4.14.  The results 
achieved in the calculation of coefficient-of-determination confirm the findings taken from 
the SEP results.  The coefficient-of-determination has an inverse relationship to the SEP.  For 
example, the SEP for Arizona Dust for the three-constituent TSS analyses with pure mixtures 
was 2.27, 3.06, and 1.47 for the PSR, PCA, and PLS, respectively, while the coefficient-of-
determination were 0.973, 0.956, and 0.989 as seen when comparing Table 4.20 and 4.21 
(i.e., the lower the SEP, the higher the coefficient-of-determination). 
4.4.2  Four-Constituent Analyses 
 Table 4.22 shows the SEP results for four-constituent TSS and inorganic mixture 
experiments with and without pure constituents (experimental condition and/or scenario).  
The overall average SEP results for each set of experimental conditions revealed that the 
PSR, PCA, and PLS statistical methods had even more similar results and performance than 
did the three constituent analyses (i.e., they all performed about the same).  The summary 
table shows the following results: 
1) The lowest SEP was 2.84 for Clay 239 constituent using PSR analysis on the 
inorganic spectral data with the pure mixture data included. 
2) The highest SEP was 8.48 for Arizona Dust using PLS analysis of the inorganic 
spectral data with the pure mixture data. 
3) The TSS spectra analyses with and without the pure mixtures were consistently better 
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 at prediction capability than when compared to the inorganic spectral analyses with 
and without the pure mixtures. 
4) The Clay 239 constituent had the overall lowest average SEP, 3.63, for all the 
experimental conditions and for all the statistical models.  
5) The Arizona Dust constituent had the lowest SEP and therefore the greatest predictive 
capability, than the other three constituents for the TSS analyses with and without the 
pure mixtures. 
6) The PSR method for all the experimental conditions had a SEP range from 2.84 for 
Clay 239 in the FCIWP analysis to 7.90 for Arizona Dust in the FCIWP analysis. 
7) The PCA method for all the experimental conditions had a SEP range from 3.17 for 
Clay 239 in the FCIWOP analyses to 8.46 for Arizona Dust in the FCIWP analysis. 
8) The PLS method for all the experimental conditions had a SEP range from 3.40 for 
Clay 239 in the FCIWP analyses to 8.48 for Arizona Dust in the FCIWP analyses. 
9) The average SEP of all the constituents for the TSS analyses with the pure samples 
used in the training data set were 4.00, 3.95, and 4.07 for the PSR, PCA, and PLS 
respectively.  Therefore the PCA statistical method had the best predictive capability 
of the three methods for the TSS analysis with the pure mixtures. 
10) The average SEP of all the constituents for the TSS analyses without the pure samples 
used in the training data set was 3.85, 4.18, and 4.09 for the PSR, PCA, and PLS, 
respectively.  Therefore the PSR statistical method had the best predictive overall 
capability of the three methods for the TSS analysis without the pure mixtures. 
11) The average SEP for all the constituents for the inorganic analyses with the pure 
samples used in the training data set were 5.58, 5.99, and 5.89 for the PSR, PCA, and 
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TABLE 4.22 – STANDARD ERROR OF PREDICTION RESULTS FOR THE FOUR-CONSTITUENT MIXTURE EXPERIMENT  
Four-Constituent Organic Samples with Pure Mixture Samples.
  
Az Dust Clay 239 Clay42 Clay F Az Dust Clay 239 Clay42 Clay F Az Dust Clay 239 Clay 42 Clay F
3.53 4.43 4.19 3.85 3.34 4.19 4.34 3.92 3.50 4.26 4.22 4.29
4.00 3.95 4.07
Four-Constituent Organic Samples without Pure Mixture Samples.
  
Az Dust Clay 239 Clay 42 Clay F Az Dust Clay 239 Clay 42 Clay F Az Dust Clay 239 Clay 42 Clay F
3.58 4.39 3.97 3.48 3.67 5.05 4.30 3.70 3.54 4.85 4.10 3.87
3.85 4.18 4.09
Four-Constituent Inorganic Samples with Pure Mixture Samples.
  
Az Dust Clay 239 Clay42 Clay F Az Dust Clay 239 Clay42 Clay F Az Dust Clay 239 Clay 42 Clay F
7.90 2.84 4.57 7.02 8.46 3.78 5.12 6.61 8.48 3.40 4.97 6.72
5.58 5.99 5.89
Four-Constituent Inorganic Samples without Pure Mixture Samples.
  
Az Dust Clay 239 Clay 42 Clay F Az Dust Clay 239 Clay 42 Clay F Az Dust Clay 239 Clay 42 Clay F
7.51 2.85 4.45 6.35 7.59 3.17 5.06 4.32 7.81 3.47 4.90 6.10
5.29 5.03 5.57
Average SEP
Average SEP
Average SEP
Average SEP
Signal Regression SEP Principal Component SEP Partial Least Squares SEP
Average SEPAverage SEPAverage SEP
Signal Regression SEP Principal Component SEP Partial Least Squares SEP
Average SEP
Signal Regression SEP Principal Component SEP Partial Least Squares SEP
Average SEP Average SEP
Signal Regression SEP Principal Component SEP Partial Least Squares SEP
Average SEP Average SEP
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PLS, respectively.  Therefore the PSR statistical method had the best overall 
predictive capability of the three methods for the inorganic analysis with the pure 
mixtures. 
12) The average SEP for all the constituents for the inorganic analyses without the pure 
samples used in the training data set was 5.29, 5.03, and 5.57 for the PSR, PCA, and 
PLS, respectively.  Therefore the PCA statistical method had the best over all 
predictive capability of the three methods for the inorganic analysis without the pure 
mixtures. 
 Table 4.23 is a summary of the coefficient-of-determination results for four-
constituent TSS and inorganic mixture experiments with and without pure constituents.  The 
table shows the overall average coefficient-of-determination results for each set of 
experimental conditions and also confirmed that the PSR, PCA, and PLS statistical methods 
had very similar results. 
 The coefficient-of-determination calculations were conducted by using equation 4.3 
for the observed and predicted validation data taken from Tables 4.15 through 4.18.  The 
four-constituent coefficient-of-determination results also confirm the findings taken from the 
four-constituent SEP results.  For example, where the SEP for Arizona Dust for the four-
constituent TSS analysis with pure mixtures were 3.53, 3.34, and 3.50 for the PSR, PCA, and 
PLS analyses, respectively, and the coefficient-of-determination were 0.795, 0.818, and 
0.802 as seen when comparing Table 4.22 and 4.23 (i.e., the lower the SEP, the higher the 
coefficient-of-determination). 
 The above results showed that the PLS method was the best overall predictive model 
for  the  three-constituent  analysis  using  the  TSS  spectrums  with  the  pure  mixtures  data 
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TABLE 4.23 – COEFFICIENT OF DETERMINATION RESULTS FOR THE FOUR-
CONSTITUENT MIXTURE EXPERIMENT 
 
Four Constituent Organic Samples with Pure Component Samples.
Az Dust Clay 239 Clay 42 Clay F Az Dust Clay 239 Clay 42 Clay F Az Dust Clay 239 Clay 42 Clay F
0.795 0.736 0.804 0.817 0.818 0.819 0.795 0.786 0.802 0.789 0.825 0.709
0.79 0.80 0.78
Four Constituent Organic Samples without Pure Component Samples.
Az Dust Clay 239 Clay 42 Clay F Az Dust Clay 239 Clay 42 Clay F Az Dust Clay 239 Clay 42 Clay F
0.847 0.756 0.819 0.817 0.791 0.661 0.800 0.795 0.796 0.634 0.837 0.749
0.81 0.76 0.75
Four Constituent Inorganic Samples with Pure Component Samples.
Az Dust Clay 239 Clay 42 Clay F Az Dust Clay 239 Clay 42 Clay F Az Dust Clay 239 Clay 42 Clay F
0.160 0.965 0.751 0.250 0.190 0.902 0.720 0.329 0.184 0.961 0.749 0.311
0.53 0.54 0.55
Four Constituent Inorganic Samples without Pure Component Samples.
Az Dust Clay 239 Clay 42 Clay F Az Dust Clay 239 Clay 42 Clay F Az Dust Clay 239 Clay 42 Clay F
0.201 0.972 0.762 0.380 0.276 0.968 0.732 0.793 0.254 0.957 0.768 0.434
0.58 0.69 0.60
PSR Correlation Coefficient PCA Correlation Coefficient PLS Correlation Coefficient
AverageAverageAverage
PSR Correlation Coefficient PCA Correlation Coefficient PLS Correlation Coefficient
PSR Correlation Coefficient PCA Correlation Coefficient PLS Correlation Coefficient
Average Average Average
Average Average Average
Average Average Average
PSR Correlation Coefficient PCA Correlation Coefficient PLS Correlation Coefficient
 
 
included.  The PLS method had the lowest constituent average SEP of 3.21 while the PSR 
method had a very close constituent average SEP of 3.76. 
 The results for the four-constituent analyses showed that all three predictive models 
seemed to perform equally well for the TSS spectrums with and without the pure mixture 
data included.  The average SEPs for the TSS “with” pure mixtures included were 4.00, 3.95, 
and 4.07, and the TSS “without” pure mixtures were 3.85, 4.18, and 4.09 percent for the 
PSR, PCA, and PLS, respectively. 
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CHAPTER 5.  CONCLUSIONS 
  
5.1 General Conclusions 
 The solids preparation and filtration process was successful for all samples in the 
three and four-constituent experiments and the filtration of all sample mixtures were 
conducted without any filter plugging. 
 The use of 0.1000 grams of total mass allowed for accurate measurement of smaller 
mass increments for generating various weight percent mixtures. 
 The reflectance intensity of Clay 42 significantly decreased after ignition and 
volatilization of the organic matter.  This shift in the inorganic reflectance of Clay 42 was 
notably different and opposite from the inorganic reflectance changes of Arizona Dust, Clay 
239, and Clay F. 
 On average, approximately 10 percent of the solids were non-filterable solids for all 
of the sample composite and pure mixtures.  The lack of detailed data in addressing the 
filterable versus non-filterable fractions may have introduced some uncontrolled variances in 
percent TSS and inorganic solids data.  The differences in the percent solids captured 
between Arizona Dust, Clay 239, or Clay 42, did not seem to be major, however, Clay F did 
show a significantly lower percent capture than the other samples.  These variances did not 
appear to have noticeable or significant influence on the results of the TSS or inorganic 
spectrums due to the fact that the spectral patterns were distinguishable and progressed in 
intensity based on constituent concentration.  The predictive results for Clay F did not seem 
to be affected by its lower solids capture.  The relative ratios of the filterable to non-filterable 
solids of Arizona Dust, Clay 239, Clay 42, and Clay F did not seem to have any apparent 
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affect on the statistical results due to the fact that the SEP results for all four constituents did 
not appear to demonstrate any discernible patterns of over or under estimation either within 
or between models for any constituent.  But, a degree of caution should be exercised when 
interpreting the accuracy of the TSS and inorganic results. 
 The PSR, PCA and PLS models all seemed to work reasonably and equally as well 
for the prediction of the type of constituent present with less than 8.0 SEP for the three-
constituent analyses, and less than 6.0 SEP for the four-constituent analyses in most modeled 
cases.  The PSR, PCA and PLS models all typically demonstrated similar predictive 
capabilities and the relatively new PSR method proved to be competitive with the PCA and 
PLS methods.  The spectral reflectance signatures of the TSS mixtures were sufficiently 
unique to allow analysis of data to estimate the composition of an external or unknown 
sample.   The models that yield the lowest CVSEP did not always work best at the external 
prediction of percent solids using reflectance signals.  The model that yielded the lowest 
overall average SEP was the PSR for all scenarios of the three and four-constituent analyses.  
The PSR model yielded an average SEP of 5.2% for the three-constituent analyses and 4.7% 
for the four-constituent analyses.  The predictability of the percentage of individual 
constituents present in a mixture using the TSS reflectance spectrums was successful. 
 The data sets in this research do not cover the countless combinations of suspended 
solids, nor ranges of those solids, that might be encountered or present in various types of 
natural waters.  The selection of the training and validation data sets was from visual 
inspection and the choice of an inner ring of data that was readily apparent.  The validation 
data for the four constituent analyses may not adequately represent the full range of the 
training data (Figure 4.2). 
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 The number of P-splines used for all PSR evaluations of the spectral data was thirty.  
This choice of thirty P-splines for the PSR analyses produced a modeling performance that 
was well in line with the results of the PCA and PLS models.  Changing the number of P-
splines was not investigated as part of this research.  Yet it may or may not be of interest in 
future research work depending on the number of wavelengths used and upon what an 
investigation of this variable might reveal for more data rich problems. 
 As can be seen in Table 4.20 and Table 4.21, the results of the PSR, PCA, and PLS 
models were very similar.  Therefore it can be concluded that the PSR, PCA, and PLS 
methods all performed consistently well for each scenario. 
 The comparison of the regression coefficients from the three-constituent to the four-
constituent analysis seems to show that the PCA and PLS models were more sensitive when 
a higher the number of constituents were present.  This observation can be seen when 
comparing the three and four-constituent regression coefficient graphs in Appendix K and L.  
These graphs reveal that the PCA and PLS regression coefficients become more similar to 
the PSR coefficients in the four-constituent analyses. 
 In the three-constituent TSS with the pure mixture analyses, the pure constituent 
mixture data may have contributed to the accuracy of the results by anchoring the data sets 
with the boundary spectrums or by just adding additional data points giving the TSS spectral 
analyses with the pure constituent mixtures more predictable results than the TSS without 
pure mixture samples.  Yet in the four-constituent TSS analysis, the “with” and “without” 
pure mixture experimental conditions did not show significant differences in the SEP. 
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5.2 Specific Conclusions 
 The overall average of the SEP for all constituent and experimental scenarios from 
the three-constituent PSR, PCA and PLS models was less than 6.0 percent. 
 The average SEP from the PSR, PCA and PLS models for three-constituent TSS 
mixtures analyses both with and without pure mixtures was 4.6 percent, while the inorganic 
mixtures analyses with and without pure constituent mixtures was 6.6 percent.   
 Comparison of SEP for the three-constituent analyses showed that the PCA method 
did not perform as well as the PSR and PLS for the three-constituent TSS and inorganic with 
pure mixture sample analyses.  The SEP for the PCA was only slightly larger for the 
inorganic analysis, but was almost doubled that of the PSR or PLS for the TSS.  
 The PSR method produced the lowest and the highest SEP for all the models, 
scenarios, and constituents in the three constituent experiments.  The Arizona Dust 
constituent had the lowest SEP of 1.45 percent for the PSR analysis of the inorganic 
spectrums without the pure mixtures and the Clay 42 constituent had the highest SEP of 
11.29 percent for the PSR analysis of the inorganic experiment with the pure mixtures.   
  The overall average of the SEP for all constituent and experimental scenarios from 
the four-constituent PSR, PCA and PLS models was less than 5.0 percent. 
 The four-constituent TSS spectral analyses with and without pure mixtures were 
consistently better at prediction capability, having an average SEP of 4.0 percent, than when 
compared to the inorganic spectral analyses with and without pure constituent mixtures that 
had an average SEP of 5.6 percent.    
 The PSR method did not always out perform PCA or PLS methods for specific 
constituents under specific set of conditions, however, it was a competitive technique for 
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performing signal regressions.   The PSR method had the lowest overall average SEP of 5.21 
and 4.68 for all experimental scenarios and constituents for the three and four-constituent 
experiments, respectively. 
 The PSR method considered the indexing or order information of the spectral signals 
which made the results more easily interpretable and provided a quicker method for model 
optimization and quantification.  Additionally, the PSR method generated a smooth 
regression coefficient curve which seems to be more consistent with the smoothness of the 
silt and clay reflectance signatures. 
5.3 Major Conclusions 
 The filtering of laboratory-prepared samples with high TSS concentrations produced 
an infinite layer of solids on the glass fiber filter that allowed for the accurate measurement 
of the spectral reflectance and did not affect the results or implementation of this study.   
 The resulting TSS and inorganic layers of solids on the filters produced definite and 
discrete spectrums for analyses. 
 The TSS and inorganic spectral analyses showed excellent results and confirmed that 
the reflectance spectra in the visible light range of the color producing agents: Arizona Dust, 
Clay 239, Clay 42, Clay F, and their composite mixtures were significantly different from 
each other. 
 The inspection of the inorganic spectrum results showed that the ash spectrums had 
significantly different reflectance intensities.  The composite spectrums exhibited the 
progressive intensity distinctions due to the influences of the relative percent changes of the 
pure constituents present and their respective spectrum intensities.  These conclusions 
confirmed that there was indeed an infinite layer of inorganic solids remaining on the filter. 
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 The test results were sufficiently accurate so that any one of the PSR, PCA, and PLS 
methodologies could be used for the identification of the percent concentration of each 
individual constituent present in external validation data sample set. 
 The SEP results for the TSS analyses with and without pure mixtures had a lower 
average than the SEP from the inorganic analyses with and without the pure mixtures for 
both the three and four-constituent experiments. 
 The TSS reflectance analyses are very useful and practical because they represent a 
measure of all the captured TSS constituents together (both organic and inorganic portions).  
The combination of the organic and inorganic matter created a unique spectral reflectance 
based on all of the solid matter present.  From the inspection of the resulting data it can be 
seen that the TSS spectral analyses did have a higher predictability than the inorganic 
analysis. 
 Implementation of PSR, PLS, and PCA models was able to successfully link the 
spectral signals of TSS to the percent solid constituents present thereby establishing a finger-
print of the TSS color.  This linkage between the spectral solids color to the constituent 
present and its relative percentage is a step forward in tracking non-point source pollutants.  
This leaves the development and refinement of the linkage between color of TSS and the 
intrinsic water color to allow for the estimation of suspended solid present and improved 
water quality estimations. 
 The results of this research demonstrate that the linkages between TSS-color and 
water quality (TSS concentrations) can be determined though solids reflectance scanning.  
 The color spectrum of suspended solids was successful in determining the percent 
solids present in a mixture, (i.e., TSS water quality).   
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 This spectral analysis technique for total suspended solids analysis can be used as an 
initial pre-screening tool for the identification of suspended solid pollutants.  The pre-
screening results will allow for the tracking of various types of non-point source TSS 
throughout watersheds.  This general screening and tracking tool could be used to locate and 
determine potential problem areas for further follow-up with a much smaller number of 
laboratory confirmatory samples being required for determining more accurate TSS.  Use of 
this technique may produce a much more cost effective process of identifying TSS pollutants. 
 The results of the four-constituent analyses were very optimistic.  The performance 
and predictive capabilities using the TSS spectrums showed very consistent predictive 
performance between the PSR, PCA, and PLS models. 
 The PSR method was noticeable faster at data processing than the PCR and the PLS 
methods, especially for the four-constituent analyses which had more data points. 
 The strong point of this study is that the SEP results of these three separate statistical 
models are relatively similar and are in very close agreement with one another.  This suggests 
that use of any one of these methods for spectral predictive capabilities may be useful as a 
water quality monitoring method for a quick, easy, and economical estimation of TSS present 
in water. 
 Significant differences between the visible spectral reflectance data in each of three 
and four-constituent mixtures were sufficiently distinguishable to allow for estimates of the 
percent composition of the suspended solids that were present.  The overall average Standard 
Error of Prediction for all constituents in each model was less than six percent for the three-
constituent analyses and less than five percent for the four-constituent analyses.  This was the 
question that this research study was designed to answer and it has now been answered in the  
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affirmative. 
 The positive value of this work is that it appears to be possible to use TSS spectrums 
from captured suspended solids, along with statistical modeling methods, to predict the 
percent constituent present in the water.  The level of prediction accuracy could undoubtedly 
improve as instrumentation and the power of computer programming advances.  It is not yet 
fully known the usefulness of the inorganic analysis, but on the other hand, the TSS analysis 
may have profound practical value in tracking of suspended constituents present in water 
either through field sampling programs or through spot ground-truthing regiments in 
conjunction with remote sensing. 
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CHAPTER 6.  RECOMMENDATIONS 
 
6.1  Suspended Solids 
 The ratio of the percent organic to inorganic matter present in each pure sample was 
not obtained in the initial preliminary work.  Had it been done such pre-work would have 
allowed for even more precise determination of the ratio of organic to inorganic matter of the 
total material weighed.  The determination of the organic to inorganic matter ratio could have 
allowed for the adjustment of the remaining percent inorganic solids on the filter after 
combustion.  This would have allowed for the correlation of the spectral signatures with the 
adjusted total percent inorganic solids present.  The adjustment and modification of percent 
inorganic solids should be investigated to determine if this would have an effect on the 
modeling of inorganic solids.   
 The different shifts in the reflectance intensity of Clay 42 after muffle furnace 
ignition at 550°C for 15-20 minutes as used in this study prompted questions and/or concerns 
with regard to the solid sample chemical composition, the combustion temperature, and the 
amount of combustion time that would have been optimum.  Therefore it might prove 
beneficial for an experimental analysis to be conducted toward: 
1) Determine the affects of different drying temperatures and times on the spectral 
reflectance intensity of TSS and inorganic solids and ultimately on the statistical 
results from various chemical compositional types of solids, and 
2) Determine if there is an optimum drying temperature and/or time that would 
minimize the experimental errors due to changes other than the loss of organic 
matter.  A good starting point for looking at minimizing the effects of ignition 
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temperature and drying time on volatilization of solids and the resulting inorganic 
reflectance might be 400°C for 6 hours as per Davis-Cooley, et al. (2003). 
 The effects of using different solid sample types and changing the combination of 
those solid samples in several different mixture experiments should be investigated to 
broaden the range of material investigated as well as further address solid particle 
identification and possible interferences in the reflectance signatures.   
An evaluation of the sample training data set size and range of percent solids should be 
investigated along with the selection and sizing of the validation data set to pursue an effort 
toward optimizing the prediction confidence by minimizing the SEP. 
6.2 Spectral Analysis 
 The inorganic analysis needs further development with experiments to look at 
changing the percent ratio between organic and inorganic matter.  This work could be 
accomplished by using the Muirhead technique of adding different loading amounts of 
captured TSS solids to obtain the asymptotic intercept for the ultimate reflectance.  The 
calculated ultimate reflectance should then be compared to the ultimate reflectance results of 
ashing of 0.1000 grams.  This would allow for definitive determination of how much 
inorganic mineral matter is required on the filter to obtain an infinite layer upon ashing. 
 The filterable versus non-filterable fractions in percent TSS and inorganic solids 
should be addressed with experiments to look into the variances that may influence the 
results of the TSS or inorganic experiment with or without the pure mixtures.  However, this 
same problem of filterable versus non filterable solids would still be present in surface water 
field samples.  The larger influences on spectral color are from the typically filterable 
suspended solid particles that in this study, seemed to adequately characterize the TSS.  
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Therefore, looking into the dissolved fraction of solids may prove to be a more difficult or 
non-fruitful exercise. 
 It is recommended that the four-constituent TSS spectral analysis be expanded into a 
five-constituent experiment to further investigate the performance of this technique.  This 
expanded constituent analysis could be refined to address major suspended color producing 
agents that have the most impact on intrinsic color of specific water bodies. 
 Future research analysis could be conducted with greater than 32 optical bands.  Such 
analyses could be conducted with the GER 1500 Spectroradiometer that has a spectral range 
from 350 to 1,050 nm with a resolution of 1.5 nm that produces 512 discrete bands.  Use of 
this more sophisticated instrument possibly could produce even more definable and distinct 
signatures for each test specimen resulting in even greater predictability. 
6.3 Statistical Modeling 
 It is recommended that a statistical analysis be conducted to investigate the effects of 
modeling all constituents jointly by introducing a computer modeling program that restricts 
and puts constraints upon the predicted total suspended solids present.  These constraints 
should be that:  1) the predicted values should not be less than zero, and 2) the sum of all of 
the predicted constituents present in the mixtures should equal 100 percent. 
 Continued development of more cost-effective instrumental methods for determining 
water quality estimates remotely could ultimately lead to the predictability and 
approximation of TSS sources or origins through quick and easy remote sensing of water 
bodies. 
 The selection of the validation data set was from visual selection of an inner ring of 
data that was readily apparent.  This selection of the validation data set, to some degree, may 
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affect the results of this research.  Therefore, it is recommended that an evaluation be 
conducted to determine the affects of varying the training database size, the validation data 
set size, and relative combinations of the validation data to training data in an effort toward 
optimization of the prediction confidence by minimizing the SEP.  This evaluation could be 
conducted by investigating alternate validation data sets, three of which are shown in Figure 
6.1.  These three validation data sets consist of the following sample numbers: Set I {11, 17, 
21, 25, 31, 33, 49, 51, 57, 61, 65, 71};  Set II {14, 23, 32, 38, 39, 40, 42, 43, 44, 50, 59, 68};  
and Set III {21,22, 23, 24, 25, 30, 34, 39, 43, 48, 52, 57, 58, 59, 60, 61}. 
  
 
FIGURE 6.1 – GRAPHICAL REPRESENTATION OF FOUR-CONSTITUENT 
MIXTURES WITH PROPOSED VALIDATION SETS 
 
 The PSR techniques used 30 P-splines in the calculation and evaluation of the 
spectral data.  Further evaluations on the reduced dimensionality of the data in the PSR 
method could be conducted to determine the effects on the SEP with the selection and 
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reduction of the number of P-splines used and the number of knots used in the evaluation of 
this data (Engel and Kneip, Comments on Eliers and Marx, 1996). 
6.4  Field Data Assessment 
 A field assessment could be conducted by using this technique to investigate actual 
field data from several up-stream sources to evaluate and predict down stream composite 
samples for determination of the magnitude of field predictive error, feasibility, and 
usefulness.  This assessment could be conducted by setting up the following type of 
experiment. 
 Locate and obtain numerous sample sources or types (for example samples A, B, and 
C) that are common to and are most prevalent as suspended matter in the study stream.  
Obtain the spectrums of those samples.  Utilizing the pure spectrums to produce aggregate 
spectrums of varying combination of percent solids of mixtures containing A, B, and C.  
Then collect a river sample with an unknown composition of A, B, and C and obtain its 
spectrum.  Next, set up an objective function that would minimize the sum of the squared 
deviations between the measured spectral signature of the river sample (of the unknown TSS) 
and that of the aggregated spectral signature of the sample having a composition of 1/3 A, 
1/3 B, and 1/3 C.  Then use the aggregation program to develop another predicted spectral 
signature of the assumed composition by changing percent solid increments of 5 %, for 
example, 33.3 + 5 %A, 33.3 - 5% B, and 33.3% C.  Then calculate the sum of the squared 
differences between the second aggregate spectrum (with the changed TSS composition) and 
the measured river sample spectrum and compare the sum of squared differences.  The sum 
of the squared differences can be used as a search tool to minimize the differences between 
the measured and the predicted spectra.  If the sum of squared differences gets smaller, then 
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continue adding A.  If not, decrease A and increase B or C.  Conduct this gradient search to 
find the aggregate spectrum that most closely fits the river spectrum to estimate the unknown 
TSS concentrations of % A, % B, and % C.  There are several ways in which the gradient 
search could be performed. 
 This research showed that unknown ratios of various contaminants can be determined 
by spectral analysis and it represents an early step into the development of an instrumental 
technique that might eventually lead to better and easier water quality estimates. 
 Suspended solids in water have profound light scattering properties and they greatly 
influence the color of water in which they are present (Davies-Colley, et al., 2003).  
Therefore this method of analyzing solids may prove to be useful in the determination of 
water quality.  The use of suspended solids color to supplement algorithms for data 
processing of field ground truthing of water samples may become useful in the fingerprinting 
and tracking of those TSS.  The fingerprinting of TSS could possibly contribute to some 
future scientific and commercial applications.  The quantitative results may further scientific 
interpretations of the biogeochemical and hydrologic cycle interactions while functioning as 
a monitoring tool for surface waters during high water sediment transport conditions for 
coastal and river erosion and sediment transport studies. This research work could lead to the 
monitoring of water quality in a more informed, cost effective, and accurate means for 
various environments and ecosystems.  The results of this research work could be coupled 
with non-point source research for further development of non-point source water quality 
monitoring and criteria development. 
 If pursued further by future expanded studies, the results produced by this research 
could contribute to the development of a new methodology for water quality analysis through 
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the monitoring and management of TSS color.  This further development of this instrumental 
technique may result in the development of a useful tool for the prediction of TSS through 
the monitoring of color for: 
• Rapid, reliable, and cost effective management of water resources; 
• Coastal and river sediment transport studies; 
• Monitoring pollutant transport. 
 All three methods performed equally well and any future work could use any one of 
the three methods that the researcher conducting the work might prefer to minimize the work 
load.  However, the PSR seemed to have an advantage of being a faster method for 
processing greater amounts of data. 
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APPENDIX A – GRAPHICAL RESULTS OF PENALIZED SIGNAL REGRESSION, 
PRINCIPAL COMPONENT, AND PARTIAL LEAST SQUARE ANALYSES FOR 
THE THREE-CONSTITUENT TSS SPECTRA WITH PURE MIXTURE SAMPLES 
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FIGURE A.1 – PENALIZED SIGNAL REGRESSION ANALYSIS OF ARIZONA DUST FOR THREE CONSTITUENT TSS 
SPECTRA WITH PURE MIXTURE 
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FIGURE A.2 – PENALIZED SIGNAL REGRESSION ANALYSIS OF CLAY 239 FOR THREE CONSTITUENT TSS 
SPECTRA WITH PURE MIXTURES 
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FIGURE A.3 – PENALIZED SIGNAL REGRESSION ANALYSIS OF CLAY 42 FOR THREE CONSTITUENT TSS 
SPECTRA WITH PURE MIXTURES 
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FIGURE A.4 – PRINCIPAL COMPONENT ANALYSIS OF ARIZONA DUST FOR THREE CONSTITUENT TSS SPECTRA 
WITH PURE MIXTURES 
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FIGURE A.5 – PRINCIPAL COMPONENT ANALYSIS OF CLAY 239 FOR THREE CONSTITUENT TSS SPECTRA WITH 
PURE MIXTURES 
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FIGURE A.6 – PRINCIPAL COMPONENT ANALYSIS OF CLAY 42 FOR THREE CONSTITUENT TSS SPECTRA WITH 
PURE MIXTURES 
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FIGURE A.7 – PARTIAL LEAST SQUARE ANALYSIS OF ARIZONA DUST FOR THREE CONSTITUENT TSS SPECTRA 
WITH PURE MIXTURES 
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FIGURE A.8 – PARTIAL LEAST SQUARE ANALYSIS OF CLAY 239 FOR THREE CONSTITUENT TSS SPECTRA WITH 
PURE MIXTURES 
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FIGURE A.9 – PARTIAL LEAST SQUARE ANALYSIS OF CLAY 42 FOR THREE CONSTITUENT TSS SPECTRA WITH 
PURE MIXTURES 
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APPENDIX B – GRAPHICAL RESULTS OF PENALIZED SIGNAL REGRESSION, 
PRINCIPAL COMPONENT, AND PARTIAL LEAST SQUARE ANALYSES FOR 
THE THREE-CONSTITUENT TSS SPECTRA WITHOUT PURE MIXTURE 
SAMPLES 
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FIGURE B.1 – PENALIZED SIGNAL REGRESSION ANALYSIS OF ARIZONA DUST FOR THREE CONSTITUENT TSS 
SPECTRA WITHOUT PURE MIXTURE 
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FIGURE B.2 – PENALIZED SIGNAL REGRESSION ANALYSIS OF CLAY 239 FOR THREE CONSTITUENT TSS 
SPECTRA WITHOUT PURE MIXTURES 
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FIGURE B.3 – PENALIZED SIGNAL REGRESSION ANALYSIS OF CLAY 42 FOR THREE CONSTITUENT TSS 
SPECTRA WITHOUT PURE MIXTURES 
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FIGURE B.4 – PRINCIPAL COMPONENT ANALYSIS OF ARIZONA DUST FOR THREE CONSTITUENT TSS SPECTRA 
WITHOUT PURE MIXTURES 
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FIGURE B.5 – PRINCIPAL COMPONENT ANALYSIS OF CLAY 239 FOR THREE CONSTITUENT TSS SPECTRA 
WITHOUT PURE MIXTURES 
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FIGURE B.6 – PRINCIPAL COMPONENT ANALYSIS OF CLAY 42 FOR THREE CONSTITUENT TSS SPECTRA 
WITHOUT PURE MIXTURES 
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FIGURE B.7 – PARTIAL LEAST SQUARE ANALYSIS OF ARIZONA DUST FOR THREE CONSTITUENT TSS SPECTRA 
WITHOUT PURE MIXTURES 
  
 
152
 
FIGURE B.8 – PARTIAL LEAST SQUARE ANALYSIS OF CLAY 239 FOR THREE CONSTITUENT TSS SPECTRA 
WITHOUT PURE MIXTURES 
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FIGURE B.9 – PARTIAL LEAST SQUARE ANALYSIS OF CLAY 42 FOR THREE CONSTITUENT TSS SPECTRA 
WITHOUT PURE MIXTURES 
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APPENDIX C – GRAPHICAL RESULTS OF PENALIZED SIGNAL REGRESSION, 
PRINCIPAL COMPONENT, AND PARTIAL LEAST SQUARE ANALYSES FOR 
THE THREE-CONSTITUENT INORGANIC SPECTRA WITH PURE MIXTURE 
SAMPLES 
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FIGURE C.1 – PENALIZED SIGNAL REGRESSION ANALYSIS OF ARIZONA DUST FOR THREE CONSTITUENT 
INORGANIC SPECTRA WITH PURE MIXTURE 
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FIGURE C.2 – PENALIZED SIGNAL REGRESSION ANALYSIS OF CLAY 239 FOR THREE CONSTITUENT 
INORGANIC SPECTRA WITH PURE MIXTURES 
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FIGURE C.3 – PENALIZED SIGNAL REGRESSION ANALYSIS OF CLAY 42 FOR THREE CONSTITUENT INORGANIC 
SPECTRA WITH PURE MIXTURES 
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FIGURE C.4 – PRINCIPAL COMPONENT ANALYSIS OF ARIZONA DUST FOR THREE CONSTITUENT INORGANIC 
SPECTRA WITH PURE MIXTURES 
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FIGURE C.5– PRINCIPAL COMPONENT ANALYSIS OF CLAY 239 FOR THREE CONSTITUENT INORGANIC 
SPECTRA WITH PURE MIXTURES 
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FIGURE C.6– PRINCIPAL COMPONENT ANALYSIS OF CLAY 42 FOR THREE CONSTITUENT INORGANIC SPECTRA 
WITH PURE MIXTURES 
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FIGURE C.7 – PARTIAL LEAST SQUARE ANALYSIS OF ARIZONA DUST FOR THREE CONSTITUENT INORGANIC 
SPECTRA WITH PURE MIXTURES 
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FIGURE C.8 – PARTIAL LEAST SQUARE ANALYSIS OF CLAY 239 FOR THREE CONSTITUENT INORGANIC 
SPECTRA WITH PURE MIXTURES 
  
 
163
 
FIGURE C.9 – PARTIAL LEAST SQUARE ANALYSIS OF CLAY 42 FOR THREE CONSTITUENT INORGANIC 
SPECTRA WITH PURE MIXTURES 
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APPENDIX D – GRAPHICAL RESULTS OF PENALIZED SIGNAL REGRESSION, 
PRINCIPAL COMPONENT, AND PARTIAL LEAST SQUARE ANALYSES FOR 
THE THREE-CONSTITUENT INORGANIC SPECTRA WITHOUT PURE 
MIXTURE SAMPLE 
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FIGURE D.1 – PENALIZED SIGNAL REGRESSION ANALYSIS OF ARIZONA DUST FOR THREE CONSTITUENT 
INORGANIC SPECTRA WITHOUT PURE MIXTURE 
  
 
166
 
FIGURE D.2 – PENALIZED SIGNAL REGRESSION ANALYSIS OF CLAY 239 FOR THREE CONSTITUENT 
INORGANIC SPECTRA WITHOUT PURE MIXTURES 
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FIGURE D.3 – PENALIZED SIGNAL REGRESSION ANALYSIS OF CLAY 42 FOR THREE CONSTITUENT INORGANIC 
SPECTRA WITHOUT PURE MIXTURES 
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FIGURE D.4 – PRINCIPAL COMPONENT ANALYSIS OF ARIZONA DUST FOR THREE CONSTITUENT INORGANIC 
SPECTRA WITHOUT PURE MIXTURES 
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FIGURE D.5 – PRINCIPAL COMPONENT ANALYSIS OF CLAY 239 FOR THREE CONSTITUENT INORGANIC 
SPECTRA WITHOUT PURE MIXTURES 
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FIGURE D.6 – PRINCIPAL COMPONENT ANALYSIS OF CLAY 42 FOR THREE CONSTITUENT INORGANIC 
SPECTRA WITHOUT PURE MIXTURES 
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FIGURE D.7 – PARTIAL LEAST SQUARE ANALYSIS OF ARIZONA DUST FOR THREE CONSTITUENT INORGANIC 
SPECTRA WITHOUT PURE MIXTURES 
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FIGURE D.8 – PARTIAL LEAST SQUARE ANALYSIS OF CLAY 239 FOR THREE CONSTITUENT INORGANIC 
SPECTRA WITHOUT PURE MIXTURES 
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FIGURE D.9 – PARTIAL LEAST SQUARE ANALYSIS OF CLAY 42 FOR THREE CONSTITUENT INORGANIC 
SPECTRA WITHOUT PURE MIXTURES 
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APPENDIX E – GRAPHICAL RESULTS OF PENALIZED SIGNAL REGRESSION, 
PRINCIPAL COMPONENT, AND PARTIAL LEAST SQUARE ANALYSES FOR 
THE FOUR-CONSTITUENT TSS SPECTRA WITH PURE MIXTURES SAMPLES 
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FIGURE E.1 – PENALIZED SIGNAL REGRESSION ANALYSIS OF ARIZONA DUST FOR FOUR CONSTITUENT TSS 
SPECTRA WITH PURE MIXTURE 
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FIGURE E.2 – PENALIZED SIGNAL REGRESSION ANALYSIS OF CLAY 239 FOR FOUR CONSTITUENT TSS 
SPECTRA WITH PURE MIXTURE 
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FIGURE E.3 – PENALIZED SIGNAL REGRESSION ANALYSIS OF CLAY 42 FOR FOUR CONSTITUENT TSS SPECTRA 
WITH PURE MIXTURE 
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FIGURE E.4 – PENALIZED SIGNAL REGRESSION ANALYSIS OF CLAY F FOR FOUR CONSTITUENT TSS SPECTRA 
WITH PURE MIXTURE 
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FIGURE E.5 – PRINCIPAL COMPONENT ANALYSIS OF ARIZONA DUST FOR FOUR CONSTITUENT TSS SPECTRA 
WITH PURE MIXTURES 
  
 
180
 
FIGURE E.6 – PRINCIPAL COMPONENT ANALYSIS OF CLAY 239 FOR FOUR CONSTITUENT TSS SPECTRA WITH 
PURE MIXTURES 
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FIGURE E.7 – PRINCIPAL COMPONENT ANALYSIS OF CLAY 42 FOR FOUR CONSTITUENT TSS SPECTRA WITH 
PURE MIXTURES 
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FIGURE E.8 – PRINCIPAL COMPONENT ANALYSIS OF CLAY F FOR FOUR CONSTITUENT TSS SPECTRA WITH 
PURE MIXTURES 
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FIGURE E.9 – PARTIAL LEAST SQUARE ANALYSIS OF ARIZONA DUST FOR FOUR CONSTITUENT TSS SPECTRA 
WITH PURE MIXTURES 
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FIGURE E.10 – PARTIAL LEAST SQUARE ANALYSIS OF CLAY 239 FOR FOUR CONSTITUENT TSS SPECTRA WITH 
PURE MIXTURES 
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FIGURE E.11 – PARTIAL LEAST SQUARE ANALYSIS OF CLAY 42 FOR FOUR CONSTITUENT TSS SPECTRA WITH 
PURE MIXTURES 
  
 
186
 
FIGURE E.12 – PARTIAL LEAST SQUARE ANALYSIS OF CLAY F FOR FOUR CONSTITUENT TSS SPECTRA WITH 
PURE MIXTURES 
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APPENDIX F – GRAPHICAL RESULTS OF PENALIZED SIGNAL REGRESSION, 
PRINCIPAL COMPONENT, AND PARTIAL LEAST SQUARE ANALYSES FOR 
THE FOUR-CONSTITUENT TSS SPECTRA WITHOUT PURE MIXTURE 
SAMPLES. 
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FIGURE F.1 – PENALIZED SIGNAL REGRESSION ANALYSIS OF ARIZONA DUST FOR FOUR CONSTITUENT TSS 
SPECTRA WITHOUT PURE MIXTURE 
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FIGURE F.2 – PENALIZED SIGNAL REGRESSION ANALYSIS OF CLAY 239 FOR FOUR CONSTITUENT TSS 
SPECTRA WITHOUT PURE MIXTURE 
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FIGURE F.3 – PENALIZED SIGNAL REGRESSION ANALYSIS OF CLAY 42 FOR FOUR CONSTITUENT TSS SPECTRA 
WITHOUT PURE MIXTURE 
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FIGURE F.4 – PENALIZED SIGNAL REGRESSION ANALYSIS OF CLAY F FOR FOUR CONSTITUENT TSS SPECTRA 
WITHOUT PURE MIXTURE 
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FIGURE F.5 – PRINCIPAL COMPONENT ANALYSIS OF ARIZONA DUST FOR FOUR CONSTITUENT TSS SPECTRA 
WITHOUT PURE MIXTURES 
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FIGURE F.6 – PRINCIPAL COMPONENT ANALYSIS OF CLAY 239 FOR FOUR CONSTITUENT TSS SPECTRA 
WITHOUT PURE MIXTURES 
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FIGURE F.7 – PRINCIPAL COMPONENT ANALYSIS OF CLAY 42 FOR FOUR CONSTITUENT TSS SPECTRA 
WITHOUT PURE MIXTURES 
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FIGURE F.8 – PRINCIPAL COMPONENT ANALYSIS OF CLAY F FOR FOUR CONSTITUENT TSS SPECTRA WITHOUT 
PURE MIXTURES 
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FIGURE F.9 – PARTIAL LEAST SQUARE ANALYSIS OF ARIZONA DUST FOR FOUR CONSTITUENT TSS SPECTRA 
WITHOUT PURE MIXTURES 
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FIGURE F.10 – PARTIAL LEAST SQUARE ANALYSIS OF CLAY 239 FOR FOUR CONSTITUENT TSS SPECTRA 
WITHOUT PURE MIXTURES 
  
 
198
 
FIGURE F.11 – PARTIAL LEAST SQUARE ANALYSIS OF CLAY 42 FOR FOUR CONSTITUENT TSS SPECTRA 
WITHOUT PURE MIXTURES 
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FIGURE F.12 – PARTIAL LEAST SQUARE ANALYSIS OF CLAY F FOR FOUR CONSTITUENT TSS SPECTRA 
WITHOUT PURE MIXTURES 
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APPENDIX G – GRAPHICAL RESULTS OF THE PENALIZED SIGNAL 
REGRESSION, PRINCIPAL COMPONENT, AND PARTIAL LEAST SQUARE 
ANALYSES FOR THE FOUR-CONSTITUENT INORGANIC SPECTRA WITH PURE 
MIXTURE SAMPLES 
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FIGURE G.1 – PENALIZED SIGNAL REGRESSION ANALYSIS OF ARIZONA DUST FOR FOUR CONSTITUENT 
INORGANIC SPECTRA WITH PURE MIXTURE 
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FIGURE G.2 – PENALIZED SIGNAL REGRESSION ANALYSIS OF CLAY 239 FOR FOUR CONSTITUENT INORGANIC 
SPECTRA WITH PURE MIXTURE 
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FIGURE G.3 – PENALIZED SIGNAL REGRESSION ANALYSIS OF CLAY 42 FOR FOUR CONSTITUENT INORGANIC 
SPECTRA WITH PURE MIXTURE 
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FIGURE G.4 – PENALIZED SIGNAL REGRESSION ANALYSIS OF CLAY F FOR FOUR CONSTITUENT INORGANIC 
SPECTRA WITH PURE MIXTURE 
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FIGURE G.5 – PRINCIPAL COMPONENT ANALYSIS OF ARIZONA DUST FOR FOUR CONSTITUENT INORGANIC 
SPECTRA WITH PURE MIXTURES 
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FIGURE G.6 – PRINCIPAL COMPONENT ANALYSIS OF CLAY 239 FOR FOUR CONSTITUENT INORGANIC SPECTRA 
WITH PURE MIXTURES 
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FIGURE G.7 – PRINCIPAL COMPONENT ANALYSIS OF CLAY 42 FOR FOUR CONSTITUENT INORGANIC SPECTRA 
WITH PURE MIXTURES 
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FIGURE G.8 – PRINCIPAL COMPONENT ANALYSIS OF CLAY F FOR FOUR CONSTITUENT INORGANIC SPECTRA 
WITH PURE MIXTURES 
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FIGURE G.9 – PARTIAL LEAST SQUARE ANALYSIS OF ARIZONA DUST FOR FOUR CONSTITUENT INORGANIC 
SPECTRA WITH PURE MIXTURES 
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FIGURE G.10 – PARTIAL LEAST SQUARE ANALYSIS OF CLAY 239 FOR FOUR CONSTITUENT INORGANIC SPECTRA 
WITH PURE MIXTURES 
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FIGURE G.11 – PARTIAL LEAST SQUARE ANALYSIS OF CLAY 42 FOR FOUR CONSTITUENT INORGANIC SPECTRA 
WITH PURE MIXTURES 
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FIGURE G.12 – PARTIAL LEAST SQUARE ANALYSIS OF CLAY F FOR FOUR CONSTITUENT INORGANIC SPECTRA 
WITH PURE MIXTURES 
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APPENDIX H – GRAPHICAL RESULTS OF PENALIZED SIGNAL REGRESSION, 
PRINCIPAL COMPONENT, AND PARTIAL LEAST SQUARE ANALYSES FOR THE 
FOUR-CONSTITUENT INORGANIC SPECTRA WITHOUT PURE MIXTURE 
SAMPLES 
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FIGURE H.1 – PENALIZED SIGNAL REGRESSION ANALYSIS OF ARIZONA DUST FOR FOUR CONSTITUENT 
INORGANIC SPECTRA WITHOUT PURE MIXTURE 
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FIGURE H.2 – PENALIZED SIGNAL REGRESSION ANALYSIS OF CLAY 239 FOR FOUR CONSTITUENT INORGANIC 
SPECTRA WITHOUT PURE MIXTURE 
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FIGURE H.3 – PENALIZED SIGNAL REGRESSION ANALYSIS OF CLAY 42 FOR FOUR CONSTITUENT INORGANIC 
SPECTRA WITHOUT PURE MIXTURE 
  
 
217
 
FIGURE H.4 – PENALIZED SIGNAL REGRESSION ANALYSIS OF CLAY F FOR FOUR CONSTITUENT INORGANIC 
SPECTRA WITHOUT PURE MIXTURE 
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FIGURE H.5 – PRINCIPAL COMPONENT ANALYSIS OF ARIZONA DUST FOR FOUR CONSTITUENT INORGANIC 
SPECTRA WITHOUT PURE MIXTURES 
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FIGURE H.6 – PRINCIPAL COMPONENT ANALYSIS OF CLAY 239 FOR FOUR CONSTITUENT INORGANIC SPECTRA 
WITHOUT PURE MIXTURES 
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FIGURE H.7 – PRINCIPAL COMPONENT ANALYSIS OF CLAY 42 FOR FOUR CONSTITUENT INORGANIC SPECTRA 
WITHOUT PURE MIXTURES 
  
 
221
 
FIGURE H.8 – PRINCIPAL COMPONENT ANALYSIS OF CLAY F FOR FOUR CONSTITUENT INORGANIC SPECTRA 
WITHOUT PURE MIXTURES 
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FIGURE H.9 – PARTIAL LEAST SQUARE ANALYSIS OF ARIZONA DUST FOR FOUR CONSTITUENT INORGANIC 
SPECTRA WITHOUT PURE MIXTURES 
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FIGURE H.10 – PARTIAL LEAST SQUARE ANALYSIS OF CLAY 239 FOR FOUR CONSTITUENT INORGANIC SPECTRA 
WITHOUT PURE MIXTURES 
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FIGURE H.11 – PARTIAL LEAST SQUARE ANALYSIS OF CLAY 42 FOR FOUR CONSTITUENT INORGANIC SPECTRA 
WITHOUT PURE MIXTURES 
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FIGURE H.12 – PARTIAL LEAST SQUARE ANALYSIS OF CLAY F FOR FOUR CONSTITUENT INORGANIC SPECTRA 
WITHOUT PURE MIXTURES 
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APPENDIX I – REGRESSION COEFFICIENTS (BETAS) FROM THE PENALIZED 
SIGNAL REGRESSION, PRINCIPAL COMPONENT, AND PARTIAL LEAST SQUARE 
ANALYSES FOR THE THREE-CONSTITUENT MIXTURE EXPERIMENT 
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TABLE I.1 – REGRESSION COEFFICIENTS (BETAS) FROM THE PENALIZED 
SIGNAL REGRESSION, PRINCIPAL COMPONENT, AND PARTIAL LEAST SQUARE 
ANALYSES FOR THE THREE-CONSTITUENT TSS SPECTRA WITH PURE 
MIXTURE SAMPLES 
 
Wavelength
(nm) PSR PCA PLS PSR PCA PLS PSR PCA PLS
390 -310.9 -888.4 87.9 166.1 425.5 -371.6 891.9 1093.5 1319.4
400 -130.7 -359.3 33.4 131.6 1045.2 250.1 105.5 -18.6 119.9
410 1.5 95.7 -13.4 14.7 1574.3 782.7 -345.9 -973.0 -909.4
420 86.7 417.8 -0.7 -152.4 316.6 628.2 -495.1 -1019.4 -1181.3
430 127.2 626.2 73.3 -304.6 -150.3 -284.5 -415.2 -2357.1 -568.6
440 128.0 616.1 98.6 -361.7 -2027.8 -989.6 -213.0 -945.9 88.4
450 96.2 144.2 -80.5 -270.3 -2643.3 -194.0 -1.1 1436.1 -64.9
460 41.2 -293.9 -260.8 -36.2 -2510.0 579.1 134.3 3429.8 -183.5
470 -26.4 -248.2 -310.9 279.0 1332.5 211.6 150.2 1796.7 553.2
480 -96.0 -141.4 -297.9 584.9 2655.1 -349.8 52.5 748.8 1178.9
490 -158.2 -254.7 -211.8 790.9 3593.8 177.3 -105.5 -2620.9 307.9
500 -205.1 -356.5 -107.9 830.9 2627.5 815.3 -241.3 -4850.0 -770.5
510 -231.2 -100.9 -28.0 683.9 -1734.6 118.2 -280.6 159.2 -279.4
520 -232.8 139.5 16.8 375.4 -4579.1 -512.7 -187.0 4301.9 302.9
530 -208.6 -55.8 -11.6 -43.4 -1837.3 122.9 37.8 2079.1 -139.2
540 -159.0 -271.0 -48.0 -517.2 1544.7 669.6 365.8 -1885.7 -517.9
550 -86.5 -218.9 -32.9 -988.1 3119.5 -69.4 746.3 -2605.7 192.8
560 4.5 -83.8 12.9 -1384.3 2090.4 -1275.4 1101.0 -1032.7 1292.9
570 107.8 -64.9 76.9 -1619.8 -1661.8 -1880.0 1330.7 2534.9 1904.2
580 215.7 -28.5 179.8 -1614.1 -5935.4 -2005.0 1339.1 6097.6 1968.7
590 319.4 216.9 357.7 -1322.8 -6598.9 -1074.9 1065.7 4164.3 738.4
600 409.4 465.1 515.4 -762.4 -3977.3 70.3 510.9 -419.8 -717.5
610 475.9 526.1 532.7 -13.7 1199.5 533.8 -258.0 -2677.5 -808.0
620 509.4 509.7 482.3 797.7 6026.8 643.0 -1117.7 -3868.7 -556.2
630 501.1 535.0 425.3 1529.0 4866.0 735.2 -1908.4 -2108.7 -1057.1
640 443.4 513.3 320.2 2048.3 3230.4 1154.8 -2460.6 -1031.6 -1953.1
650 330.0 409.2 141.1 2250.3 3424.9 2147.6 -2626.1 -2771.7 -2750.3
660 156.5 212.3 -66.6 2061.4 3875.4 2792.8 -2302.4 -4542.1 -2924.0
670 -79.9 -124.0 -226.0 1433.3 -83.1 1633.0 -1435.7 -316.4 -1360.0
680 -380.4 -503.8 -399.8 335.6 -5185.7 -404.1 -7.4 4733.6 996.7
690 -745.6 -774.4 -618.3 -1249.2 -4322.1 -1710.9 1984.2 3605.1 2398.5
700 -1175.7 -964.0 -883.1 -3328.8 764.7 -2599.4 4537.0 -210.2 3338.9
Arizona Test Dust Clay 239 Clay 42
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TABLE I.2 – REGRESSION COEFFICIENTS (BETAS) FROM THE PENALIZED 
SIGNAL REGRESSION, PRINCIPAL COMPONENT, AND PARTIAL LEAST SQUARE 
ANALYSES FOR THE THREE-CONSTITUENT TSS SPECTRA WITHOUT PURE 
MIXTURE SAMPLES 
 
Wavelength
(nm) PSR PCA PLS PSR PCA PLS PSR PCA PLS
390 -732.8 -1260.2 -1303.7 85.0 424.5 358.5 822.7 1104.0 1028.4
400 -350.2 -339.8 -370.2 91.7 293.9 296.5 -159.6 32.8 -14.5
410 -56.8 436.3 417.1 86.9 182.6 243.1 -674.2 -868.9 -892.3
420 148.9 804.2 855.7 70.9 115.4 202.1 -759.7 -1337.5 -1360.9
430 271.7 744.7 878.7 44.6 92.1 327.2 -506.0 -994.7 -1590.9
440 319.7 483.4 661.2 9.9 65.2 265.0 -58.7 -563.8 -1212.6
450 305.2 109.5 138.0 -30.1 -10.9 -141.0 403.5 -291.4 -1.2
460 243.7 -185.2 -320.3 -71.5 -84.3 -638.5 711.3 163.9 1260.9
470 152.0 -106.6 -405.6 -110.6 -127.9 -1214.2 753.3 1653.2 2503.0
480 46.3 -15.4 -366.6 -145.7 -157.1 -1526.5 517.6 2583.6 3014.6
490 -59.3 -152.0 -320.2 -177.0 -173.8 -326.8 107.1 1192.6 453.9
500 -154.2 -313.0 -247.9 -206.5 -182.1 840.5 -299.9 -573.6 -2062.9
510 -230.7 -169.5 -54.0 -234.7 -186.3 379.9 -540.5 -579.4 -1064.6
520 -283.3 -26.1 89.6 -258.6 -188.5 -329.6 -540.5 -174.3 444.8
530 -308.2 -190.8 -57.1 -271.7 -198.8 -448.4 -314.1 5.9 478.7
540 -302.7 -334.6 -185.2 -266.3 -201.5 -239.5 77.1 59.5 -26.7
550 -265.2 -211.4 -113.1 -234.8 -180.2 249.4 550.4 -36.4 -381.7
560 -195.4 -30.6 -5.9 -171.5 -142.4 619.6 1002.3 -65.3 -369.1
570 -95.5 -64.9 -122.2 -73.0 -87.5 454.4 1308.3 359.3 207.1
580 29.2 -135.8 -220.7 61.1 -24.8 60.6 1344.7 610.5 906.0
590 169.9 -9.9 21.8 226.1 28.0 -205.7 1031.3 -78.2 1004.8
600 314.1 143.0 302.1 410.7 71.5 -188.8 373.2 -830.3 461.9
610 446.9 173.4 189.6 595.1 101.7 100.0 -522.6 -17.7 411.2
620 551.3 191.3 76.1 752.6 120.3 625.7 -1465.9 530.4 36.4
630 610.1 295.9 326.6 852.1 127.0 1149.2 -2226.0 -964.9 -1372.5
640 605.8 341.9 577.4 863.5 126.2 1589.4 -2593.4 -2683.0 -2880.0
650 523.3 138.0 411.7 762.2 119.7 1233.2 -2444.5 -2306.9 -2399.4
660 350.3 -82.3 111.0 532.8 114.3 444.9 -1778.7 -972.9 -1007.4
670 78.4 -90.1 -74.2 168.9 119.3 -423.7 -699.0 279.4 338.6
680 -297.5 -42.2 -226.8 -329.5 124.8 -1369.4 649.0 1515.8 1763.0
690 -779.6 -106.6 -381.2 -960.2 122.0 -1335.3 2144.9 1769.5 1543.2
700 -1368.9 -230.9 -554.4 -1721.4 113.0 -674.0 3727.3 1379.3 620.4
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TABLE I.3 – REGRESSION COEFFICIENTS (BETAS) FROM THE PENALIZED 
SIGNAL REGRESSION, PRINCIPAL COMPONENT, AND PARTIAL LEAST SQUARE 
ANALYSES FOR THE THREE-CONSTITUENT INORGANIC SPECTRA WITH PURE 
MIXTURE SAMPLES 
 
Wavelength
(nm) PSR PCA PLS PSR PCA PLS PSR PCA PLS
390 -820.5 -30.3 -2094.6 296.0 1139.2 1005.0 338.3 192.3 -137.3
400 -492.7 -30.9 -335.4 212.5 265.0 161.1 196.6 121.2 -122.2
410 -217.1 -31.6 1423.0 172.0 -608.8 -682.4 73.8 50.1 -107.0
420 6.7 -33.0 1831.0 161.1 -714.7 -710.5 -30.0 -37.3 -90.4
430 179.9 -35.1 286.0 153.0 509.4 425.9 -115.0 -156.3 -73.5
440 304.3 -37.5 -1307.1 116.8 1255.1 1269.1 -181.2 -218.2 -53.6
450 382.9 -40.2 -1335.0 36.1 -99.3 171.9 -228.8 -127.3 -25.2
460 419.2 -42.5 -892.6 -79.5 -1328.4 -968.3 -257.9 -20.8 2.7
470 417.2 -43.8 -413.6 -199.8 -494.1 17.2 -268.8 -15.5 20.1
480 381.8 -44.2 451.5 -288.4 474.6 796.3 -261.8 -63.2 32.2
490 318.2 -43.2 2259.5 -311.9 221.3 -201.1 -237.7 -181.5 35.7
500 232.4 -42.4 3301.3 -249.7 -248.1 -1329.6 -197.4 -279.2 40.6
510 131.3 -44.4 925.1 -106.0 -92.4 -599.7 -142.5 -253.7 62.6
520 22.2 -46.8 -1915.1 86.5 100.5 516.1 -75.0 -147.1 91.8
530 -87.4 -47.7 -1581.9 279.4 -428.1 423.0 2.5 36.8 121.1
540 -190.7 -46.2 -440.9 426.7 -763.2 151.7 86.9 233.4 143.8
550 -281.6 -39.9 547.5 493.4 556.6 370.8 174.6 368.7 148.4
560 -355.5 -29.6 729.2 457.6 1720.9 530.8 261.3 438.3 138.8
570 -409.0 -14.5 -631.1 312.9 1495.2 607.5 342.4 401.3 112.3
580 -440.0 2.2 -1871.5 72.7 433.0 359.1 412.7 315.3 77.6
590 -447.5 16.6 -463.6 -227.6 -578.2 -319.0 466.8 251.2 45.5
600 -431.6 29.0 1115.5 -536.7 -1541.7 -884.5 499.4 178.3 16.1
610 -392.8 38.4 481.3 -800.2 -1500.9 -976.7 505.3 84.2 -6.2
620 -331.9 45.7 -650.8 -974.6 -1304.9 -919.5 479.6 -10.1 -23.8
630 -249.8 51.6 -1016.2 -1033.6 -1284.9 -1267.0 418.0 -83.7 -37.7
640 -146.9 56.6 -898.0 -966.4 -1079.1 -1338.8 316.9 -142.6 -49.7
650 -23.7 61.2 -984.8 -773.9 -72.1 -194.3 173.6 -183.3 -59.1
660 119.5 65.8 -756.6 -459.3 793.4 828.8 -14.2 -201.5 -68.1
670 282.6 71.6 55.9 -19.1 445.5 462.9 -247.6 -183.2 -79.3
680 465.4 77.7 1010.0 560.0 57.1 -30.7 -527.5 -156.9 -91.3
690 668.0 82.9 1488.0 1294.1 678.7 478.5 -854.3 -146.1 -101.3
700 890.2 87.4 1537.4 2193.5 2279.9 2148.0 -1228.1 -151.4 -110.1
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TABLE I.4 – REGRESSION COEFFICIENTS (BETAS) FROM THE PENALIZED 
SIGNAL REGRESSION, PRINCIPAL COMPONENT, AND PARTIAL LEAST SQUARE 
ANALYSES FOR THE THREE-CONSTITUENT INORGANIC SPECTRA WITHOUT 
PURE MIXTURE SAMPLES 
 
Wavelength
(nm) PSR PCA PLS PSR PCA PLS PSR PCA PLS
390 124.1 80.8 78.1 335.7 609.5 1024.0 -23.9 -147.5 -150.1
400 96.3 69.7 72.1 109.7 182.5 611.7 -41.7 -131.4 -133.2
410 70.6 58.2 65.9 -51.7 -257.7 186.5 -56.5 -114.8 -115.8
420 46.7 45.8 54.0 -150.6 -475.1 632.4 -68.1 -97.3 -96.6
430 24.9 33.1 34.4 -192.1 -343.3 744.2 -76.6 -79.7 -76.2
440 5.0 19.9 14.9 -184.5 -110.1 1137.8 -81.8 -61.5 -56.9
450 -13.0 4.3 1.8 -138.3 19.1 -458.8 -83.7 -40.3 -38.7
460 -28.9 -12.1 -10.8 -65.1 102.3 -1461.1 -81.9 -17.5 -19.7
470 -43.0 -29.1 -28.4 22.9 61.5 -267.4 -76.1 6.8 4.0
480 -55.0 -42.5 -42.9 113.6 9.9 221.6 -66.2 26.2 24.0
490 -65.1 -42.5 -42.7 195.8 63.5 -1709.5 -51.8 26.8 25.5
500 -73.3 -42.9 -43.6 259.5 162.4 -3337.9 -33.1 27.7 27.5
510 -79.5 -64.0 -69.2 296.7 269.2 -519.6 -10.1 57.6 57.7
520 -83.7 -91.4 -100.9 301.2 357.9 2884.3 16.9 96.6 96.7
530 -86.0 -111.7 -118.9 270.2 443.4 1399.5 47.1 125.9 124.0
540 -86.3 -126.3 -128.7 204.6 414.1 -1269.9 79.8 148.5 145.0
550 -84.6 -131.8 -128.0 109.6 116.0 -987.6 113.9 161.7 157.2
560 -81.0 -124.4 -116.6 -6.5 -229.2 86.9 147.6 158.7 155.3
570 -75.4 -94.3 -90.0 -133.5 -308.4 2704.4 179.3 125.4 126.7
580 -67.9 -56.0 -55.9 -260.0 -324.5 3372.1 206.5 80.7 86.8
590 -58.4 -25.6 -22.0 -374.5 -429.2 823.0 227.0 45.7 50.9
600 -47.0 -0.1 6.8 -465.7 -520.2 -2320.1 238.0 16.1 20.1
610 -33.6 17.2 20.6 -523.9 -508.0 -2178.7 237.0 -3.4 3.0
620 -18.2 30.7 29.7 -541.3 -455.5 -665.4 221.7 -18.8 -10.0
630 -0.9 42.8 40.8 -512.7 -361.9 -1341.7 189.6 -33.2 -25.0
640 18.4 53.0 51.0 -434.5 -230.6 -1607.2 139.1 -45.2 -39.2
650 39.6 58.6 54.6 -304.4 -34.1 -274.1 68.5 -50.8 -46.9
660 62.8 63.7 58.8 -120.9 161.3 509.1 -23.3 -55.5 -54.6
670 88.0 72.9 70.3 117.3 275.6 -747.8 -136.9 -65.7 -69.0
680 115.1 83.0 83.1 411.3 385.4 -2136.2 -272.9 -77.3 -84.6
690 144.2 89.6 90.7 762.0 512.0 -173.9 -431.3 -84.2 -94.9
700 175.2 93.7 93.8 1169.9 652.6 5512.3 -612.4 -87.8 -100.7
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APPENDIX J – REGRESSION COEFFICIENTS (BETAS) FROM THE PENALIZED 
SIGNAL REGRESSION, PRINCIPAL COMPONENT, AND PARTIAL LEAST SQUARE 
ANALYSES FOR THE FOUR-CONSTITUENT MIXTURE EXPERIMENT 
  
 
232
 
TABLE J.1 – REGRESSION COEFFICIENTS (BETAS) FROM THE PENALIZED 
SIGNAL REGRESSION, PRINCIPAL COMPONENT, AND PARTIAL LEAST SQUARE 
ANALYSES FOR THE FOUR-CONSTITUENT TSS SPECTRA WITH PURE MIXTURE 
SAMPLES 
Wavelength
(nm) PSR PCA PLS PSR PCA PLS PSR PCA PLS PSR PCA PLS
390 -885.2 -511.5 -502.7 621.5 269.6 842.0 -50.3 239.2 242.1 314.0 -168.8 419.4
400 -53.5 -134.8 -103.6 216.9 215.8 457.0 579.1 282.0 301.2 -742.6 -378.9 -475.6
410 331.9 206.2 257.5 223.8 166.4 107.6 276.0 319.9 353.6 -831.7 -567.5 -1283.2
420 405.9 280.8 340.5 385.5 411.7 73.5 -618.6 -208.2 -172.2 -172.8 -280.3 -1193.2
430 387.9 -97.6 116.1 289.6 1219.5 344.8 -1447.2 -1537.3 -1510.3 769.6 620.2 694.6
440 409.0 -187.7 -36.3 -281.5 1123.4 282.6 -1517.3 -2246.9 -2359.0 1389.8 1420.3 2391.2
450 347.8 536.1 190.5 -982.6 -1277.4 -1018.9 -612.4 -735.9 -848.4 1247.2 1289.6 1953.0
460 -13.6 1084.4 319.1 -1137.9 -3308.3 -2029.4 775.0 1089.9 1059.6 376.4 740.3 469.6
470 -559.3 -12.9 -277.8 -580.7 -1618.6 -1140.4 1819.8 2041.4 2071.7 -679.7 -523.3 -1070.5
480 -774.5 -1075.2 -772.1 34.4 515.9 36.6 1982.3 2281.8 2396.7 -1242.2 -1530.2 -2156.3
490 -343.8 -761.2 -374.5 88.2 822.0 291.2 1306.0 1147.4 1156.7 -1050.4 -1036.8 -859.2
500 382.0 57.0 267.1 -183.7 430.8 297.0 251.4 -266.3 -328.5 -449.7 -207.3 580.4
510 745.7 747.2 686.3 -77.1 116.5 576.3 -701.6 -709.8 -758.4 33.0 -384.9 670.3
520 470.7 986.7 769.3 619.7 95.5 851.4 -1294.9 -883.1 -863.7 204.6 -555.0 -97.7
530 -146.4 54.7 105.2 1329.9 924.6 816.7 -1419.5 -1235.1 -1175.6 236.0 340.7 -450.7
540 -596.3 -878.4 -559.5 1282.6 1461.9 565.3 -1004.2 -1280.6 -1160.0 317.9 1110.5 -616.9
550 -604.7 -647.8 -566.9 305.5 289.6 -19.0 -114.9 -292.8 -349.5 414.1 731.9 737.1
560 -288.8 -160.3 -395.1 -971.7 -1088.8 -578.5 915.0 798.7 723.8 345.6 117.5 1708.7
570 28.7 -8.7 -328.5 -1687.5 -1724.9 -762.1 1589.7 1768.3 1641.8 69.2 -70.1 191.4
580 117.8 -51.9 -279.4 -1462.0 -1583.9 -702.6 1548.7 2155.5 2111.4 -204.5 -143.0 -1553.8
590 -11.8 -475.4 -89.2 -558.6 456.9 -362.9 797.9 745.8 767.3 -227.6 -427.5 -844.1
600 -182.6 -735.4 137.2 480.9 2315.1 21.7 -301.6 -937.8 -695.6 3.4 -597.5 639.7
610 -219.1 -53.9 220.0 1238.1 1311.9 491.8 -1262.4 -1365.9 -1194.1 243.4 -346.8 635.0
620 -67.5 809.9 278.0 1569.1 -324.3 826.5 -1726.4 -1289.1 -1147.8 224.8 48.8 269.2
630 197.6 993.3 518.1 1530.4 -88.2 770.5 -1583.7 -1384.3 -1309.8 -144.3 363.6 -460.9
640 459.8 859.9 702.9 1195.2 478.4 537.2 -954.6 -1095.8 -1118.0 -700.5 365.0 -1077.9
650 663.1 321.0 551.2 529.3 749.1 386.4 -120.4 -212.5 -211.8 -1072.0 -408.8 -1536.9
660 809.9 -226.9 235.6 -500.2 695.9 243.4 590.8 686.6 625.3 -900.5 -1146.1 -1257.3
670 832.1 181.6 116.0 -1615.8 -707.1 -239.7 952.9 937.8 567.1 -169.1 -339.1 208.6
680 506.4 518.0 -101.2 -2112.4 -1878.0 -671.9 916.9 798.1 181.1 689.0 751.9 2023.6
690 -434.8 -214.4 -547.4 -1197.1 -1127.3 -667.2 547.2 463.6 328.4 1084.6 870.7 1475.6
700 -2154.3 -1643.5 -1118.9 1605.7 860.7 -403.9 -93.4 -39.1 708.4 642.0 344.2 -125.6
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TABLE J.2 – REGRESSION COEFFICIENTS (BETAS) FROM THE PENALIZED 
SIGNAL REGRESSION, PRINCIPAL COMPONENT, AND PARTIAL LEAST SQUARE 
ANALYSES FOR THE FOUR-CONSTITUENT TSS SPECTRA WITHOUT PURE 
MIXTURE SAMPLES 
 
Wavelength
(nm) PSR PCA PLS PSR PCA PLS PSR PCA PLS PSR PCA PLS
390 -258.2 -587.7 -945.1 748.7 445.9 902.5 135.0 242.3 329.1 -16.2 -144.6 176.7
400 -90.0 -162.1 -222.3 11.8 207.5 221.4 453.3 234.1 309.9 -550.9 -317.9 -378.1
410 36.7 224.4 433.9 18.0 -9.4 -397.1 100.6 225.8 291.5 -522.9 -474.0 -879.9
420 122.9 311.4 452.2 395.3 294.1 202.6 -661.9 -230.0 -244.4 -38.9 -338.7 -885.4
430 170.9 -42.1 2.8 515.2 1239.4 1216.6 -1329.2 -1235.5 -1498.4 652.3 230.3 366.0
440 184.6 -60.7 -35.0 -49.7 1144.6 1216.3 -1363.8 -1866.6 -2295.4 1168.7 972.8 1713.5
450 169.2 802.7 1121.5 -980.8 -1624.5 -1979.5 -587.5 -864.1 -872.6 1140.9 1573.0 1883.2
460 131.1 1407.6 1791.6 -1406.0 -3900.4 -4228.6 626.3 467.9 970.3 470.1 1635.9 1035.9
470 77.1 -17.1 -288.8 -926.6 -1634.6 -1447.4 1613.1 1687.2 2057.5 -493.3 -198.6 -558.8
480 14.4 -1412.4 -2196.4 -141.6 1143.8 1858.5 1882.5 2357.0 2457.6 -1136.9 -1952.4 -2050.3
490 -50.6 -949.4 -903.8 195.1 1276.3 1176.8 1381.5 1453.6 1185.7 -1105.5 -1553.5 -1227.0
500 -112.7 76.7 798.6 136.0 500.2 -98.2 428.5 80.0 -341.8 -605.0 -485.3 -2.8
510 -167.2 670.4 705.3 280.8 -190.4 -259.2 -550.8 -774.5 -746.5 -108.2 96.3 512.5
520 -210.0 723.7 48.9 848.2 -199.9 508.7 -1230.3 -1251.4 -855.5 140.0 338.6 316.9
530 -236.0 -128.4 -311.1 1337.7 1249.6 1610.3 -1411.5 -1154.2 -1155.4 247.1 145.6 -369.9
540 -240.5 -951.2 -495.9 1073.4 2280.5 1907.0 -1011.9 -786.7 -1142.4 396.3 21.9 -695.0
550 -219.4 -577.1 -427.3 -24.5 372.5 115.0 -141.9 -127.6 -328.9 553.1 504.1 750.5
560 -171.0 4.1 -264.0 -1257.2 -1762.0 -1968.6 848.5 514.4 752.7 492.1 921.4 1859.6
570 -96.4 243.3 166.3 -1762.2 -2282.5 -2437.9 1502.6 1288.2 1644.5 119.2 313.0 436.6
580 0.1 230.5 312.7 -1257.4 -1741.3 -1672.7 1502.6 1744.0 2074.2 -328.8 -539.3 -1434.7
590 111.1 -310.0 -343.1 -164.5 489.5 1162.7 838.9 1120.5 737.3 -497.4 -1021.7 -1314.5
600 226.4 -719.2 -828.6 855.0 2408.9 2881.7 -196.9 65.5 -740.7 -283.7 -1028.6 -323.3
610 333.4 -190.2 -144.6 1392.6 1276.5 1463.1 -1167.3 -1114.8 -1224.6 69.9 189.7 313.7
620 417.8 552.0 659.4 1445.1 -345.9 -751.5 -1694.0 -1977.9 -1189.3 200.9 1275.8 811.4
630 465.1 815.7 674.8 1232.3 357.9 536.8 -1611.7 -1706.7 -1323.9 -72.9 402.1 -71.4
640 461.6 779.0 508.0 895.5 1347.6 1858.9 -1016.4 -852.7 -1102.1 -587.5 -920.6 -1101.7
650 395.7 51.1 230.1 355.2 1662.4 1237.8 -202.6 109.6 -129.0 -914.0 -1448.9 -1483.3
660 258.4 -644.8 -114.9 -515.7 1285.5 52.4 489.7 836.0 753.4 -673.3 -1326.8 -1046.0
670 43.8 348.2 566.9 -1517.2 -1439.1 -2139.4 845.9 514.3 548.9 104.2 141.5 502.7
680 -251.7 1231.3 841.8 -1980.3 -3623.8 -3319.0 845.4 11.9 45.5 906.9 1567.9 2241.2
690 -630.1 187.5 -168.7 -1117.4 -2040.9 -1414.4 579.1 199.5 246.8 1080.4 1343.1 1482.3
700 -1091.8 -2129.6 -1864.6 1551.6 1975.9 2170.0 124.5 815.9 819.9 216.4 99.2 -563.9
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TABLE J.3 – REGRESSION COEFFICIENTS (BETAS) FROM THE PENALIZED 
SIGNAL REGRESSION, PRINCIPAL COMPONENT, AND PARTIAL LEAST SQUARE 
ANALYSES FOR THE FOUR-CONSTITUENT INORGANIC SPECTRA WITH PURE 
MIXTURE SAMPLES 
 
Wavelength
(nm) PSR PCA PLS PSR PCA PLS PSR PCA PLS PSR PCA PLS
390 650.2 -569.6 199.2 -67.9 213.5 -518.0 -114.1 1149.2 -336.9 -753.3 -582.1 -593.7
400 1460.5 898.6 729.1 55.8 188.7 21.6 -991.1 -235.2 -541.1 -474.1 -439.7 -456.0
410 1122.1 2221.6 1205.8 136.7 166.1 508.3 -857.0 -1483.5 -724.6 -242.4 -310.7 -331.2
420 -176.2 1763.0 998.7 177.6 -161.5 599.0 132.6 -1211.6 -406.1 -58.2 -151.3 -166.1
430 -1960.7 -987.0 -1379.6 184.7 -712.6 286.5 1589.2 1038.9 1304.4 78.8 67.7 70.8
440 -3428.6 -3737.8 -3828.7 167.0 -1097.4 -128.0 2850.3 3128.5 3014.6 169.7 223.6 244.7
450 -3663.7 -3439.2 -3518.6 133.9 -631.0 -319.2 3136.5 1957.4 3340.5 217.1 176.0 197.0
460 -2127.7 -2237.8 -2628.3 92.6 156.8 -308.6 1940.0 296.0 2763.1 225.6 76.2 90.8
470 816.2 -1104.7 1.7 46.9 1164.7 116.1 -526.1 42.8 -5.6 201.9 1.5 5.4
480 3856.0 683.9 2978.0 -1.6 1775.7 483.5 -3249.0 -616.8 -2919.1 154.4 -27.3 -33.1
490 5430.7 4320.4 6251.2 -51.0 1101.4 405.1 -4931.8 -3553.2 -5744.4 92.1 58.0 47.6
500 4705.0 6534.4 7349.7 -96.7 79.5 90.5 -4725.7 -5557.1 -6087.9 23.9 164.1 156.7
510 2099.6 2947.7 1879.4 -131.4 76.6 -30.5 -2668.8 -2444.0 -2838.2 -41.7 193.1 201.8
520 -1013.9 -1364.6 -3783.4 -146.3 146.7 -143.0 362.3 1404.7 960.0 -97.1 153.4 176.4
530 -3219.6 -2073.7 -3752.7 -134.5 -739.1 -462.4 3063.6 2317.5 3588.8 -135.8 -13.2 7.0
540 -3803.8 -1764.9 -1641.1 -94.5 -1486.8 -670.2 4288.9 2335.2 4075.8 -152.1 -191.4 -179.8
550 -2832.4 -3060.8 -2021.3 -32.7 -878.4 -312.7 3577.5 3205.2 3461.3 -142.5 -248.3 -247.3
560 -851.7 -3437.4 -2386.2 36.5 119.8 171.5 1354.2 3154.4 1604.5 -105.8 -220.9 -230.3
570 1310.3 773.2 391.3 94.7 731.5 488.0 -1300.7 -614.4 -1275.1 -43.9 -124.8 -151.6
580 2708.4 4624.8 3545.9 124.5 775.3 543.1 -3162.5 -4151.7 -3621.9 37.9 23.4 -11.0
590 2661.4 2445.7 2318.2 115.2 -321.6 122.1 -3396.3 -3063.8 -3114.3 131.3 230.0 229.6
600 1134.6 -72.6 586.3 64.5 -1100.1 -239.5 -1912.8 -1278.4 -1654.3 225.5 377.4 401.8
610 -1227.6 325.4 -95.0 -21.6 87.8 -39.3 584.7 -612.6 82.9 309.3 347.2 344.5
620 -3344.1 578.3 -610.2 -130.8 1383.4 185.5 2898.8 224.7 2181.1 371.5 290.3 254.3
630 -4037.8 -3653.8 -4278.3 -243.6 772.5 -132.0 3893.7 3307.0 4148.5 401.9 399.6 383.5
640 -2656.0 -6812.3 -5733.8 -334.8 -271.7 -502.8 3083.2 5348.3 4431.7 390.9 474.2 483.2
650 157.3 -1146.1 120.0 -376.2 -830.2 -562.4 926.2 1506.1 945.3 330.6 303.7 304.4
660 2599.6 5922.6 7376.4 -341.8 -1031.1 -437.6 -1430.0 -3432.6 -3644.0 214.6 48.3 34.4
670 3180.3 3593.7 3439.0 -211.4 -808.0 -215.9 -2845.5 -2309.4 -2984.3 38.5 -89.7 -84.1
680 1958.8 -791.9 -2057.6 27.6 -296.9 97.7 -2738.4 216.6 -1673.4 -200.8 -224.2 -196.1
690 57.9 -1558.5 -2567.3 381.6 420.6 400.9 -1036.4 532.8 41.8 -505.1 -451.1 -425.6
700 -1591.7 62.2 765.4 852.9 1231.0 740.1 2173.2 -536.6 1638.1 -875.3 -746.3 -742.3
Clay FArizona Test Dust Clay 239 Clay 42
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TABLE J.4 – REGRESSION COEFFICIENTS (BETAS) FROM THE PENALIZED 
SIGNAL REGRESSION, PRINCIPAL COMPONENT, AND PARTIAL LEAST SQUARE 
ANALYSES FOR THE FOUR-CONSTITUENT INORGANIC SPECTRA WITHOUT 
PURE MIXTURE SAMPLES 
 
Wavelength
(nm) PSR PCA PLS PSR PCA PLS PSR PCA PLS PSR PCA PLS
390 983.8 -702.1 529.5 -163.2 -540.6 -629.8 -384.9 755.9 -630.4 -488.8 -527.2 -443.0
400 1391.9 776.0 661.8 -16.3 -66.0 -64.5 -914.7 -315.0 -569.9 -306.3 -617.9 -359.0
410 820.1 2120.3 781.3 88.4 366.0 450.1 -642.8 -1289.3 -514.1 -157.0 -699.8 -282.1
420 -527.2 1664.5 786.6 152.8 521.6 567.9 291.3 -1024.6 -422.1 -40.9 -249.9 -152.6
430 -2161.9 -1593.3 -1776.2 181.7 359.0 314.6 1545.6 1090.5 1366.9 42.7 712.0 59.5
440 -3318.9 -4467.7 -3970.9 182.0 96.7 -58.7 2556.4 2904.3 2830.7 94.9 1746.8 218.4
450 -3230.5 -3145.3 -2954.4 161.9 -85.6 -325.1 2694.8 1738.3 3177.5 118.1 2192.7 171.3
460 -1569.5 -957.4 -1623.9 128.5 -168.5 -351.1 1589.1 129.4 2547.0 115.8 1845.7 65.9
470 1200.7 506.8 488.2 87.0 98.1 152.5 -541.7 51.3 -71.1 93.2 -182.9 -35.0
480 3880.0 2029.6 2529.5 40.8 327.5 587.3 -2853.4 -279.7 -2337.4 55.9 -2272.1 -89.3
490 5124.3 4879.3 5880.8 -6.8 180.4 492.3 -4282.5 -3007.7 -5245.3 10.6 -3042.0 -11.1
500 4246.4 6078.6 7256.7 -51.1 -77.2 105.3 -4118.7 -4948.6 -5744.4 -36.3 -2489.2 101.2
510 1695.5 1314.5 1784.2 -85.8 -148.4 6.1 -2376.7 -2324.2 -2794.8 -78.4 -393.8 145.1
520 -1204.0 -3502.6 -4067.1 -104.6 -175.9 -71.6 218.5 1046.8 754.9 -109.9 1527.4 121.4
530 -3132.5 -2435.2 -3761.2 -103.1 -254.5 -407.3 2572.3 1841.0 3162.5 -125.5 1136.9 -40.4
540 -3507.3 -341.4 -1645.8 -81.0 -269.6 -646.1 3712.6 1977.4 3751.4 -121.5 217.7 -208.0
550 -2510.9 -2447.4 -1809.0 -43.5 -46.7 -363.7 3218.4 2967.3 3168.0 -95.6 738.0 -231.5
560 -718.9 -4105.6 -2259.1 -1.0 161.9 58.7 1388.5 3119.1 1676.1 -47.8 1032.1 -169.5
570 1138.6 485.1 329.6 33.4 153.3 432.2 -914.2 -355.3 -1007.5 19.1 -914.2 -62.1
580 2305.7 4867.1 3304.0 47.5 73.8 527.6 -2646.6 -3629.5 -3137.2 99.8 -2164.3 85.7
590 2271.5 2467.1 1990.6 33.9 52.8 39.5 -3031.0 -2770.8 -2898.4 186.5 866.9 301.0
600 1032.3 -372.4 360.6 -8.4 18.9 -348.5 -1894.8 -1324.5 -1787.5 269.9 3062.4 439.9
610 -926.6 -350.1 244.2 -74.9 -63.7 -54.3 233.8 -850.0 -112.1 340.0 185.5 359.4
620 -2786.6 -79.0 311.2 -155.4 -169.2 290.5 2338.9 -197.2 1681.1 387.1 -2897.6 251.7
630 -3544.6 -3248.1 -3743.2 -234.7 -286.9 -70.1 3386.4 2890.3 3855.2 402.1 -341.7 373.7
640 -2496.8 -5408.5 -5679.4 -292.8 -354.5 -513.0 2860.2 5048.9 4187.3 376.7 2624.3 470.6
650 -61.9 -138.6 -303.0 -307.8 -328.3 -593.6 1075.6 1640.7 1011.7 304.2 896.3 287.2
660 2180.3 6021.7 6752.7 -259.6 -224.9 -459.5 -998.5 -2880.1 -3371.2 179.4 -1921.3 11.4
670 2813.9 2988.3 2835.7 -133.3 -80.9 -182.3 -2341.3 -1878.4 -2424.5 -1.1 -1148.1 -121.0
680 1810.8 -1638.5 -2181.8 80.2 117.1 186.5 -2392.8 263.0 -1271.2 -239.5 361.4 -242.2
690 144.2 -2041.5 -2417.9 385.4 370.9 447.0 -1045.4 422.2 188.0 -536.9 589.4 -462.2
700 -1355.9 661.2 1215.3 783.7 687.2 703.8 1645.9 -779.2 975.1 -893.7 14.3 -754.0
Clay 239 Clay 42Arizona Test Dust Clay F
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APPENDIX K – GRAPHICAL COMPARISON OF THE REGRESSION 
COEFFICIENTS FROM THE PENALIZED SIGNAL REGRESSION, PRINCIPAL 
COMPONENT, AND PARTIAL LEAST SQUARE ANALYSES FOR THE THREE-
CONSTITUENT EXPERIMENT 
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FIGURE K.1 – REGRESSION COEFFICIENT COMPARISONS FROM THE PENALIZED SIGNAL REGRESSION, PRINCIPAL 
COMPONENT, AND PARTIAL LEAST SQUARE ANALYSES FOR ARIZONA DUST FROM THE THREE-CONSTITUENT 
MIXTURE EXPERIMENT 
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FIGURE K.2 – REGRESSION COEFFICIENT COMPARISONS FROM THE PENALIZED SIGNAL REGRESSION, PRINCIPAL 
COMPONENT, AND PARTIAL LEAST SQUARE ANALYSES FOR CLAY 239 FROM THE THREE-CONSTITUENT 
MIXTURE EXPERIMENT 
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FIGURE K.3 – REGRESSION COEFFICIENT COMPARISONS FROM THE PENALIZED SIGNAL REGRESSION, PRINCIPAL 
COMPONENT, AND PARTIAL LEAST SQUARE ANALYSES FOR CLAY 42 FROM THE THREE-CONSTITUENT MIXTURE 
EXPERIMENT 
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APPENDIX L – GRAPHICAL COMPARISON OF THE REGRESSION COEFFICIENTS 
FROM THE PENALIZED SIGNAL REGRESSION, PRINCIPAL COMPONENT, AND 
PARTIAL LEAST SQUARE ANALYSES FOR THE FOUR-CONSTITUENT 
EXPERIMENT 
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FIGURE L.1 – REGRESSION COEFFICIENT COMPARISONS FROM THE PENALIZED SIGNAL REGRESSION, PRINCIPAL 
COMPONENT, AND PARTIAL LEAST SQUARE ANALYSES FOR ARIZONA DUST FROM THE FOUR-CONSTITUENT 
MIXTURE EXPERIMENT 
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FIGURE L.2 – REGRESSION COEFFICIENT COMPARISONS FROM THE PENALIZED SIGNAL REGRESSION, PRINCIPAL 
COMPONENT, AND PARTIAL LEAST SQUARE ANALYSES FOR CLAY 239 FROM THE FOUR-CONSTITUENT MIXTURE 
EXPERIMENT 
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FIGURE L.3 – REGRESSION COEFFICIENT COMPARISONS FROM THE PENALIZED SIGNAL REGRESSION, PRINCIPAL 
COMPONENT, AND PARTIAL LEAST SQUARE ANALYSES FOR CLAY 42 FROM THE FOUR-CONSTITUENT MIXTURE 
EXPERIMENT 
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FIGURE L.4 – REGRESSION COEFFICIENT COMPARISONS FROM THE PENALIZED SIGNAL REGRESSION, PRINCIPAL 
COMPONENT, AND PARTIAL LEAST SQUARE ANALYSES FOR CLAY F FROM THE FOUR-CONSTITUENT MIXTURE 
EXPERIMENT 
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APPENDIX M – AVERAGE SPECTRAL DATA 
 
  
 
246
TABLE M.1 – SPECTRAL DATA FOR THE THREE-CONSTITUENT TSS ANALYSIS 
 
Spectral 
Data(nm) 390 400 410 420 430 440 450 460 470 480 490 500 510 520 530 540 550 560 570 580 590 600 610 620 630 640 650 660 670 680 690 700
1 0.3032 0.3117 0.3202 0.3296 0.3401 0.3509 0.3611 0.3699 0.3747 0.3794 0.3879 0.3977 0.4058 0.4140 0.4231 0.4339 0.4478 0.4630 0.4784 0.4929 0.5052 0.5154 0.5234 0.5298 0.5349 0.5398 0.5466 0.5530 0.5557 0.5582 0.5639 0.5721
2 0.3029 0.3135 0.3241 0.3348 0.3457 0.3567 0.3678 0.3776 0.3835 0.3890 0.3975 0.4070 0.4152 0.4235 0.4326 0.4431 0.4562 0.4703 0.4841 0.4971 0.5083 0.5178 0.5250 0.5307 0.5355 0.5404 0.5471 0.5535 0.5561 0.5586 0.5647 0.5731
3 0.3074 0.3182 0.3290 0.3401 0.3514 0.3629 0.3744 0.3846 0.3903 0.3956 0.4039 0.4133 0.4214 0.4295 0.4381 0.4477 0.4598 0.4727 0.4853 0.4971 0.5073 0.5157 0.5218 0.5267 0.5314 0.5362 0.5427 0.5487 0.5506 0.5523 0.5577 0.5658
4 0.3859 0.3969 0.4078 0.4192 0.4313 0.4431 0.4539 0.4631 0.4686 0.4739 0.4823 0.4918 0.4999 0.5081 0.5171 0.5274 0.5403 0.5542 0.5685 0.5820 0.5938 0.6036 0.6108 0.6163 0.6204 0.6244 0.6306 0.6367 0.6389 0.6409 0.6458 0.6528
5 0.3638 0.3754 0.3870 0.3986 0.4100 0.4215 0.4342 0.4455 0.4514 0.4568 0.4655 0.4753 0.4832 0.4911 0.5003 0.5104 0.5218 0.5338 0.5460 0.5576 0.5680 0.5768 0.5828 0.5873 0.5910 0.5950 0.6015 0.6078 0.6097 0.6112 0.6159 0.6229
6 0.3457 0.3581 0.3705 0.3825 0.3940 0.4056 0.4185 0.4299 0.4362 0.4419 0.4505 0.4599 0.4677 0.4754 0.4842 0.4940 0.5054 0.5173 0.5287 0.5395 0.5492 0.5575 0.5632 0.5677 0.5713 0.5752 0.5814 0.5874 0.5895 0.5911 0.5957 0.6023
7 0.3409 0.3547 0.3684 0.3811 0.3923 0.4037 0.4173 0.4299 0.4368 0.4428 0.4520 0.4619 0.4694 0.4766 0.4857 0.4957 0.5064 0.5173 0.5277 0.5373 0.5457 0.5528 0.5582 0.5625 0.5662 0.5700 0.5756 0.5810 0.5834 0.5856 0.5902 0.5966
8 0.4579 0.4701 0.4824 0.4949 0.5077 0.5203 0.5325 0.5429 0.5478 0.5524 0.5612 0.5714 0.5789 0.5861 0.5947 0.6042 0.6153 0.6270 0.6389 0.6505 0.6607 0.6692 0.6749 0.6789 0.6821 0.6855 0.6914 0.6969 0.6974 0.6976 0.7016 0.7083
9 0.4446 0.4577 0.4709 0.4839 0.4969 0.5097 0.5226 0.5336 0.5393 0.5447 0.5543 0.5648 0.5719 0.5787 0.5873 0.5969 0.6078 0.6191 0.6299 0.6399 0.6486 0.6560 0.6615 0.6658 0.6694 0.6731 0.6787 0.6839 0.6846 0.6852 0.6898 0.6972
10 0.4114 0.4257 0.4401 0.4539 0.4670 0.4800 0.4941 0.5065 0.5131 0.5190 0.5286 0.5391 0.5466 0.5536 0.5624 0.5719 0.5823 0.5929 0.6029 0.6121 0.6203 0.6272 0.6322 0.6361 0.6397 0.6436 0.6493 0.6546 0.6553 0.6558 0.6604 0.6679
11 0.3949 0.4099 0.4250 0.4389 0.4513 0.4638 0.4792 0.4932 0.5003 0.5064 0.5161 0.5267 0.5345 0.5420 0.5516 0.5620 0.5724 0.5827 0.5927 0.6019 0.6101 0.6170 0.6218 0.6257 0.6294 0.6334 0.6394 0.6452 0.6469 0.6483 0.6530 0.6600
12 0.3735 0.3890 0.4044 0.4188 0.4317 0.4447 0.4599 0.4738 0.4820 0.4889 0.4984 0.5083 0.5164 0.5243 0.5334 0.5431 0.5535 0.5636 0.5724 0.5802 0.5874 0.5935 0.5981 0.6019 0.6049 0.6083 0.6145 0.6204 0.6214 0.6223 0.6270 0.6345
13 0.4948 0.5127 0.5306 0.5470 0.5616 0.5755 0.5903 0.6034 0.6111 0.6178 0.6275 0.6382 0.6472 0.6558 0.6650 0.6744 0.6848 0.6951 0.7044 0.7131 0.7218 0.7292 0.7341 0.7377 0.7411 0.7448 0.7507 0.7561 0.7561 0.7558 0.7599 0.7670
14 0.4669 0.4835 0.5000 0.5157 0.5302 0.5445 0.5601 0.5740 0.5816 0.5884 0.5990 0.6103 0.6188 0.6268 0.6365 0.6466 0.6569 0.6668 0.6760 0.6845 0.6925 0.6994 0.7042 0.7082 0.7119 0.7161 0.7224 0.7281 0.7283 0.7283 0.7330 0.7411
15 0.4306 0.4483 0.4660 0.4822 0.4962 0.5103 0.5273 0.5428 0.5512 0.5583 0.5688 0.5801 0.5892 0.5981 0.6081 0.6184 0.6287 0.6385 0.6472 0.6551 0.6629 0.6695 0.6735 0.6768 0.6811 0.6860 0.6925 0.6982 0.6989 0.6995 0.7044 0.7124
16 0.4194 0.4363 0.4532 0.4688 0.4824 0.4963 0.5138 0.5299 0.5386 0.5460 0.5570 0.5687 0.5773 0.5856 0.5962 0.6071 0.6172 0.6267 0.6356 0.6437 0.6515 0.6580 0.6627 0.6665 0.6702 0.6745 0.6814 0.6879 0.6892 0.6902 0.6952 0.7032
17 0.5181 0.5391 0.5601 0.5791 0.5952 0.6111 0.6302 0.6477 0.6578 0.6667 0.6798 0.6936 0.7038 0.7135 0.7256 0.7376 0.7475 0.7560 0.7634 0.7703 0.7784 0.7856 0.7898 0.7932 0.7970 0.8016 0.8086 0.8150 0.8152 0.8148 0.8191 0.8267
18 0.4901 0.5096 0.5290 0.5475 0.5648 0.5819 0.6000 0.6164 0.6272 0.6369 0.6488 0.6612 0.6722 0.6830 0.6945 0.7058 0.7157 0.7246 0.7324 0.7396 0.7468 0.7533 0.7582 0.7623 0.7660 0.7706 0.7790 0.7867 0.7865 0.7856 0.7905 0.7996
19 0.4546 0.4740 0.4934 0.5112 0.5271 0.5432 0.5625 0.5805 0.5918 0.6016 0.6139 0.6268 0.6378 0.6486 0.6614 0.6738 0.6840 0.6929 0.7009 0.7083 0.7161 0.7230 0.7280 0.7322 0.7364 0.7414 0.7494 0.7569 0.7581 0.7587 0.7643 0.7733
20 0.1695 0.1758 0.1822 0.1895 0.1978 0.2067 0.2158 0.2242 0.2294 0.2344 0.2420 0.2507 0.2588 0.2675 0.2771 0.2881 0.3016 0.3166 0.3324 0.3479 0.3613 0.3727 0.3812 0.3880 0.3936 0.3990 0.4061 0.4130 0.4168 0.4203 0.4261 0.4334
21 0.6197 0.6420 0.6644 0.6853 0.7045 0.7227 0.7412 0.7576 0.7678 0.7773 0.7913 0.8060 0.8173 0.8275 0.8386 0.8491 0.8581 0.8658 0.8723 0.8786 0.8862 0.8930 0.8964 0.8985 0.9003 0.9025 0.9072 0.9111 0.9088 0.9060 0.9082 0.9136
22 0.4292 0.4483 0.4675 0.4848 0.4997 0.5147 0.5333 0.5508 0.5617 0.5710 0.5826 0.5944 0.6043 0.6141 0.6258 0.6373 0.6471 0.6557 0.6630 0.6694 0.6757 0.6814 0.6859 0.6900 0.6943 0.6992 0.7065 0.7134 0.7155 0.7174 0.7236 0.7328
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TABLE M.2 – SPECTRAL DATA FOR THE THREE-CONSTITUENT INORGANIC ANALYSIS 
 
Spectral 
Data(nm) 390 400 410 420 430 440 450 460 470 480 490 500 510 520 530 540 550 560 570 580 590 600 610 620 630 640 650 660 670 680 690 700
1 0.3852 0.3841 0.3830 0.3859 0.3941 0.4054 0.4192 0.4319 0.4374 0.4426 0.4536 0.4656 0.4714 0.4780 0.4921 0.5095 0.5278 0.5483 0.5726 0.5970 0.6173 0.6351 0.6509 0.6644 0.6736 0.6821 0.6942 0.7067 0.7152 0.7235 0.7351 0.7491
2 0.2804 0.2826 0.2849 0.2900 0.2986 0.3101 0.3248 0.3389 0.3464 0.3528 0.3623 0.3729 0.3817 0.3919 0.4073 0.4250 0.4433 0.4625 0.4826 0.5021 0.5190 0.5341 0.5476 0.5593 0.5678 0.5759 0.5874 0.5995 0.6082 0.6168 0.6276 0.6401
3 0.2347 0.2373 0.2400 0.2453 0.2539 0.2658 0.2821 0.2979 0.3061 0.3130 0.3227 0.3335 0.3431 0.3546 0.3719 0.3910 0.4094 0.4273 0.4452 0.4620 0.4768 0.4898 0.5011 0.5110 0.5187 0.5263 0.5370 0.5480 0.5559 0.5636 0.5739 0.5860
4 0.4839 0.4849 0.4858 0.4907 0.5006 0.5132 0.5267 0.5392 0.5460 0.5524 0.5634 0.5749 0.5806 0.5867 0.5993 0.6152 0.6335 0.6536 0.6753 0.6966 0.7146 0.7307 0.7456 0.7582 0.7659 0.7729 0.7841 0.7956 0.8027 0.8095 0.8200 0.8331
5 0.3329 0.3338 0.3347 0.3389 0.3474 0.3588 0.3734 0.3872 0.3941 0.4000 0.4097 0.4202 0.4274 0.4357 0.4502 0.4666 0.4821 0.4976 0.5138 0.5294 0.5433 0.5557 0.5671 0.5768 0.5831 0.5892 0.5993 0.6100 0.6171 0.6241 0.6337 0.6452
6 0.2759 0.2779 0.2799 0.2852 0.2947 0.3073 0.3229 0.3377 0.3461 0.3532 0.3628 0.3734 0.3826 0.3935 0.4098 0.4278 0.4448 0.4613 0.4777 0.4931 0.5064 0.5183 0.5293 0.5390 0.5455 0.5520 0.5626 0.5738 0.5809 0.5878 0.5978 0.6099
7 0.2321 0.2351 0.2381 0.2436 0.2519 0.2635 0.2799 0.2957 0.3042 0.3111 0.3201 0.3301 0.3397 0.3512 0.3684 0.3868 0.4032 0.4183 0.4318 0.4442 0.4556 0.4659 0.4750 0.4829 0.4888 0.4948 0.5038 0.5133 0.5202 0.5269 0.5357 0.5459
8 0.5879 0.5888 0.5898 0.5951 0.6058 0.6194 0.6341 0.6473 0.6528 0.6582 0.6710 0.6844 0.6885 0.6922 0.7030 0.7169 0.7332 0.7506 0.7680 0.7848 0.7999 0.8134 0.8259 0.8363 0.8424 0.8480 0.8579 0.8682 0.8728 0.8772 0.8864 0.8991
9 0.4395 0.4403 0.4411 0.4460 0.4560 0.4696 0.4864 0.5021 0.5092 0.5154 0.5269 0.5395 0.5468 0.5547 0.5694 0.5862 0.6027 0.6188 0.6340 0.6480 0.6602 0.6713 0.6818 0.6910 0.6972 0.7033 0.7127 0.7225 0.7285 0.7345 0.7441 0.7563
10 0.3391 0.3411 0.3431 0.3491 0.3601 0.3743 0.3911 0.4070 0.4159 0.4235 0.4337 0.4449 0.4547 0.4659 0.4822 0.4999 0.5163 0.5318 0.5463 0.5594 0.5703 0.5802 0.5900 0.5988 0.6047 0.6106 0.6203 0.6305 0.6364 0.6420 0.6512 0.6628
11 0.2834 0.2860 0.2886 0.2944 0.3041 0.3174 0.3353 0.3525 0.3614 0.3688 0.3797 0.3917 0.4012 0.4125 0.4306 0.4502 0.4669 0.4820 0.4954 0.5072 0.5172 0.5263 0.5357 0.5441 0.5498 0.5554 0.5642 0.5737 0.5806 0.5874 0.5960 0.6061
12 0.2412 0.2444 0.2476 0.2538 0.2635 0.2766 0.2941 0.3110 0.3206 0.3286 0.3385 0.3494 0.3598 0.3725 0.3914 0.4116 0.4288 0.4442 0.4576 0.4694 0.4794 0.4883 0.4972 0.5052 0.5107 0.5163 0.5252 0.5347 0.5415 0.5481 0.5568 0.5669
13 0.5232 0.5245 0.5258 0.5315 0.5426 0.5572 0.5740 0.5895 0.5973 0.6042 0.6161 0.6285 0.6348 0.6415 0.6552 0.6706 0.6846 0.6973 0.7082 0.7178 0.7269 0.7353 0.7441 0.7517 0.7556 0.7596 0.7681 0.7773 0.7822 0.7867 0.7947 0.8050
14 0.4068 0.4084 0.4099 0.4157 0.4271 0.4420 0.4596 0.4761 0.4845 0.4916 0.5031 0.5155 0.5244 0.5341 0.5494 0.5661 0.5812 0.5949 0.6064 0.6162 0.6246 0.6323 0.6405 0.6480 0.6528 0.6577 0.6662 0.6751 0.6799 0.6847 0.6930 0.7040
15 0.3486 0.3500 0.3515 0.3578 0.3699 0.3857 0.4041 0.4213 0.4309 0.4391 0.4504 0.4626 0.4728 0.4846 0.5026 0.5216 0.5374 0.5514 0.5639 0.5747 0.5829 0.5902 0.5983 0.6059 0.6108 0.6158 0.6248 0.6341 0.6389 0.6433 0.6512 0.6615
16 0.2946 0.2975 0.3003 0.3072 0.3192 0.3345 0.3525 0.3694 0.3791 0.3871 0.3974 0.4087 0.4201 0.4331 0.4504 0.4683 0.4835 0.4969 0.5084 0.5182 0.5264 0.5339 0.5419 0.5494 0.5545 0.5599 0.5690 0.5785 0.5837 0.5886 0.5968 0.6072
17 0.4828 0.4822 0.4815 0.4862 0.4977 0.5126 0.5286 0.5427 0.5485 0.5536 0.5651 0.5774 0.5823 0.5872 0.5991 0.6118 0.6213 0.6290 0.6356 0.6413 0.6461 0.6507 0.6563 0.6618 0.6651 0.6688 0.6760 0.6836 0.6868 0.6898 0.6963 0.7052
18 0.4115 0.4133 0.4150 0.4211 0.4329 0.4482 0.4660 0.4825 0.4909 0.4979 0.5087 0.5206 0.5298 0.5397 0.5543 0.5695 0.5826 0.5938 0.6017 0.6081 0.6146 0.6210 0.6277 0.6338 0.6376 0.6418 0.6502 0.6590 0.6631 0.6669 0.6744 0.6846
19 0.3494 0.3517 0.3541 0.3603 0.3714 0.3857 0.4023 0.4177 0.4260 0.4330 0.4432 0.4542 0.4631 0.4730 0.4877 0.5029 0.5152 0.5256 0.5341 0.5411 0.5470 0.5527 0.5593 0.5656 0.5695 0.5736 0.5814 0.5896 0.5941 0.5984 0.6054 0.6144
20 0.2076 0.2087 0.2097 0.2137 0.2212 0.2308 0.2412 0.2510 0.2571 0.2630 0.2714 0.2807 0.2879 0.2959 0.3072 0.3210 0.3372 0.3553 0.3755 0.3956 0.4126 0.4280 0.4422 0.4546 0.4637 0.4723 0.4834 0.4947 0.5031 0.5112 0.5216 0.5337
21 0.8170 0.8215 0.8260 0.8370 0.8565 0.8790 0.8998 0.9180 0.9274 0.9374 0.9582 0.9791 0.9840 0.9861 0.9972 1.0098 1.0201 1.0294 1.0375 1.0448 1.0518 1.0588 1.0671 1.0746 1.0771 1.0796 1.0879 1.0963 1.0968 1.0968 1.1029 1.1135
22 0.2657 0.2678 0.2699 0.2757 0.2862 0.2998 0.3162 0.3315 0.3396 0.3463 0.3555 0.3659 0.3756 0.3867 0.4017 0.4169 0.4293 0.4398 0.4483 0.4553 0.4611 0.4664 0.4728 0.4791 0.4836 0.4882 0.4956 0.5032 0.5079 0.5123 0.5192 0.5279
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TABLE M.3 – SPECTRAL DATA FOR THE FOUR-CONSTITUENT TSS ANALYSIS 
 
Spectral Data 
(nm) 390 400 410 420 430 440 450 460 470 480 490 500 510 520 530 540 550 560 570 580 590 600 610 620 630 640 650 660 670 680 690 700
#1- Az Dust 0.1720 0.1797 0.1875 0.1956 0.2044 0.2137 0.2237 0.2331 0.2391 0.2449 0.2529 0.2622 0.2711 0.2807 0.2913 0.3037 0.3193 0.3366 0.3553 0.3734 0.3882 0.4007 0.4111 0.4195 0.4257 0.4313 0.4386 0.4463 0.4529 0.4592 0.4657 0.4723
Mixture #2 0.2314 0.2410 0.2506 0.2602 0.2697 0.2797 0.2913 0.3019 0.3077 0.3131 0.3218 0.3314 0.3390 0.3468 0.3571 0.3691 0.3834 0.3990 0.4156 0.4311 0.4433 0.4534 0.4621 0.4694 0.4747 0.4796 0.4855 0.4917 0.4975 0.5032 0.5094 0.5159
Mixture #3 0.2604 0.2721 0.2838 0.2953 0.3063 0.3173 0.3291 0.3399 0.3469 0.3532 0.3614 0.3700 0.3778 0.3862 0.3966 0.4085 0.4217 0.4359 0.4511 0.4655 0.4767 0.4859 0.4940 0.5006 0.5050 0.5090 0.5151 0.5216 0.5273 0.5328 0.5384 0.5442
Mixture #4 0.3048 0.3189 0.3330 0.3461 0.3577 0.3694 0.3835 0.3964 0.4037 0.4099 0.4183 0.4273 0.4350 0.4432 0.4534 0.4648 0.4771 0.4898 0.5023 0.5138 0.5228 0.5301 0.5363 0.5413 0.5445 0.5478 0.5533 0.5594 0.5639 0.5680 0.5727 0.5778
Mixture #5 0.3201 0.3354 0.3506 0.3645 0.3765 0.3886 0.4034 0.4170 0.4246 0.4311 0.4403 0.4501 0.4573 0.4649 0.4754 0.4873 0.5000 0.5128 0.5251 0.5362 0.5448 0.5518 0.5579 0.5631 0.5667 0.5703 0.5755 0.5811 0.5857 0.5903 0.5956 0.6016
Mixture #6 0.3514 0.3683 0.3851 0.4009 0.4152 0.4294 0.4455 0.4601 0.4691 0.4768 0.4869 0.4973 0.5050 0.5128 0.5239 0.5360 0.5482 0.5601 0.5717 0.5818 0.5886 0.5939 0.5994 0.6043 0.6076 0.6109 0.6161 0.6217 0.6259 0.6300 0.6354 0.6415
Mixture #7 0.3676 0.3872 0.4069 0.4242 0.4384 0.4524 0.4704 0.4871 0.4971 0.5053 0.5153 0.5255 0.5334 0.5418 0.5540 0.5670 0.5788 0.5896 0.5992 0.6077 0.6148 0.6208 0.6256 0.6293 0.6316 0.6344 0.6400 0.6464 0.6508 0.6549 0.6601 0.6662
#8 - Clay 42 0.3691 0.3882 0.4072 0.4252 0.4417 0.4582 0.4771 0.4944 0.5055 0.5150 0.5264 0.5378 0.5462 0.5551 0.5689 0.5832 0.5947 0.6049 0.6154 0.6243 0.6293 0.6330 0.6377 0.6423 0.6453 0.6485 0.6542 0.6605 0.6652 0.6697 0.6753 0.6818
Mixture #9 0.4174 0.4401 0.4628 0.4827 0.4986 0.5144 0.5352 0.5549 0.5673 0.5777 0.5899 0.6020 0.6113 0.6210 0.6349 0.6494 0.6614 0.6718 0.6807 0.6880 0.6933 0.6978 0.7027 0.7074 0.7106 0.7140 0.7198 0.7263 0.7317 0.7370 0.7433 0.7504
Mixture #10 0.2027 0.2102 0.2176 0.2256 0.2341 0.2431 0.2531 0.2622 0.2675 0.2727 0.2811 0.2906 0.2985 0.3068 0.3174 0.3295 0.3435 0.3590 0.3764 0.3934 0.4069 0.4183 0.4277 0.4354 0.4414 0.4467 0.4528 0.4591 0.4651 0.4711 0.4771 0.4832
Mixture #11 0.2516 0.2617 0.2718 0.2821 0.2926 0.3032 0.3144 0.3247 0.3314 0.3377 0.3464 0.3557 0.3628 0.3706 0.3816 0.3941 0.4070 0.4208 0.4363 0.4512 0.4623 0.4716 0.4803 0.4877 0.4923 0.4962 0.5018 0.5079 0.5136 0.5192 0.5248 0.5304
Mixture #12 0.2806 0.2921 0.3037 0.3154 0.3274 0.3394 0.3511 0.3617 0.3688 0.3754 0.3841 0.3934 0.4010 0.4092 0.4201 0.4324 0.4450 0.4583 0.4728 0.4864 0.4962 0.5043 0.5124 0.5193 0.5228 0.5258 0.5312 0.5373 0.5422 0.5469 0.5522 0.5579
Mixture #13 0.3148 0.3280 0.3412 0.3544 0.3678 0.3812 0.3951 0.4076 0.4154 0.4225 0.4321 0.4422 0.4498 0.4580 0.4702 0.4836 0.4956 0.5076 0.5208 0.5333 0.5427 0.5504 0.5571 0.5625 0.5657 0.5688 0.5745 0.5808 0.5854 0.5896 0.5946 0.6000
Mixture #14 0.3514 0.3673 0.3833 0.3983 0.4124 0.4261 0.4410 0.4545 0.4625 0.4697 0.4802 0.4910 0.4980 0.5052 0.5170 0.5301 0.5424 0.5542 0.5661 0.5766 0.5840 0.5900 0.5962 0.6016 0.6049 0.6079 0.6127 0.6179 0.6224 0.6268 0.6321 0.6380
Mixture #15 0.3388 0.3561 0.3734 0.3898 0.4051 0.4200 0.4363 0.4512 0.4608 0.4693 0.4799 0.4908 0.4997 0.5092 0.5223 0.5362 0.5489 0.5608 0.5722 0.5823 0.5895 0.5954 0.6014 0.6065 0.6093 0.6121 0.6174 0.6233 0.6278 0.6322 0.6376 0.6437
Mixture #16 0.3659 0.3850 0.4042 0.4220 0.4381 0.4539 0.4717 0.4882 0.4987 0.5079 0.5195 0.5313 0.5399 0.5491 0.5630 0.5776 0.5901 0.6014 0.6122 0.6214 0.6277 0.6326 0.6385 0.6437 0.6462 0.6487 0.6536 0.6595 0.6644 0.6693 0.6748 0.6808
Mixture #17 0.3760 0.3956 0.4152 0.4337 0.4507 0.4674 0.4860 0.5031 0.5143 0.5241 0.5361 0.5483 0.5578 0.5680 0.5830 0.5984 0.6108 0.6218 0.6322 0.6412 0.6472 0.6521 0.6576 0.6626 0.6651 0.6678 0.6737 0.6804 0.6854 0.6903 0.6961 0.7027
Mixture #18 0.3982 0.4184 0.4386 0.4578 0.4756 0.4935 0.5136 0.5319 0.5434 0.5533 0.5662 0.5796 0.5906 0.6021 0.6178 0.6336 0.6462 0.6569 0.6666 0.6747 0.6799 0.6842 0.6895 0.6944 0.6973 0.7004 0.7064 0.7131 0.7177 0.7223 0.7285 0.7360
Mixture #19 0.2735 0.2848 0.2961 0.3075 0.3189 0.3304 0.3423 0.3530 0.3596 0.3655 0.3736 0.3823 0.3898 0.3978 0.4081 0.4196 0.4315 0.4442 0.4584 0.4720 0.4822 0.4906 0.4979 0.5039 0.5078 0.5114 0.5172 0.5235 0.5277 0.5317 0.5370 0.5431
Mixture #20 0.2830 0.2932 0.3034 0.3139 0.3250 0.3363 0.3478 0.3582 0.3644 0.3703 0.3794 0.3892 0.3965 0.4042 0.4156 0.4284 0.4412 0.4547 0.4699 0.4846 0.4959 0.5053 0.5136 0.5204 0.5246 0.5283 0.5337 0.5397 0.5448 0.5498 0.5553 0.5612
Mixture #21 0.3037 0.3159 0.3282 0.3406 0.3531 0.3659 0.3796 0.3919 0.3986 0.4047 0.4144 0.4251 0.4335 0.4422 0.4539 0.4665 0.4792 0.4922 0.5060 0.5189 0.5287 0.5366 0.5436 0.5494 0.5535 0.5573 0.5631 0.5692 0.5735 0.5776 0.5828 0.5888
Mixture #22 0.3130 0.3267 0.3405 0.3540 0.3674 0.3807 0.3948 0.4074 0.4149 0.4216 0.4317 0.4427 0.4511 0.4599 0.4720 0.4852 0.4985 0.5118 0.5251 0.5371 0.5462 0.5536 0.5607 0.5667 0.5703 0.5736 0.5787 0.5845 0.5891 0.5936 0.5992 0.6053
Mixture #23 0.3319 0.3474 0.3628 0.3780 0.3927 0.4074 0.4231 0.4372 0.4458 0.4535 0.4643 0.4758 0.4848 0.4943 0.5080 0.5226 0.5357 0.5482 0.5608 0.5723 0.5808 0.5877 0.5944 0.6000 0.6034 0.6065 0.6118 0.6179 0.6228 0.6278 0.6333 0.6393
Mixture #24 0.3431 0.3600 0.3769 0.3935 0.4097 0.4255 0.4417 0.4562 0.4656 0.4741 0.4854 0.4972 0.5066 0.5164 0.5301 0.5447 0.5581 0.5706 0.5826 0.5931 0.6005 0.6065 0.6128 0.6183 0.6212 0.6240 0.6294 0.6356 0.6399 0.6444 0.6504 0.6576
Mixture #25 0.3586 0.3773 0.3961 0.4139 0.4305 0.4468 0.4645 0.4804 0.4904 0.4994 0.5115 0.5243 0.5345 0.5452 0.5599 0.5753 0.5891 0.6018 0.6131 0.6226 0.6296 0.6353 0.6414 0.6467 0.6497 0.6526 0.6579 0.6639 0.6688 0.6737 0.6797 0.6867
Mixture #26 0.3964 0.4156 0.4348 0.4535 0.4715 0.4893 0.5081 0.5247 0.5347 0.5434 0.5557 0.5689 0.5793 0.5902 0.6056 0.6214 0.6343 0.6457 0.6567 0.6659 0.6716 0.6761 0.6816 0.6867 0.6893 0.6920 0.6978 0.7043 0.7088 0.7133 0.7194 0.7267
Mixture #27 0.4009 0.4210 0.4410 0.4601 0.4781 0.4961 0.5162 0.5344 0.5452 0.5547 0.5680 0.5822 0.5938 0.6059 0.6225 0.6392 0.6522 0.6633 0.6739 0.6827 0.6880 0.6922 0.6975 0.7028 0.7060 0.7094 0.7154 0.7221 0.7270 0.7319 0.7384 0.7459
Mixture #28 0.3287 0.3381 0.3475 0.3573 0.3674 0.3778 0.3882 0.3975 0.4028 0.4079 0.4167 0.4264 0.4335 0.4408 0.4507 0.4623 0.4756 0.4901 0.5055 0.5202 0.5319 0.5419 0.5506 0.5576 0.5619 0.5656 0.5711 0.5769 0.5813 0.5856 0.5911 0.5974
Mixture #29 0.3335 0.3441 0.3547 0.3658 0.3775 0.3894 0.4018 0.4127 0.4188 0.4245 0.4341 0.4447 0.4525 0.4607 0.4718 0.4844 0.4979 0.5121 0.5274 0.5418 0.5527 0.5617 0.5702 0.5772 0.5813 0.5848 0.5903 0.5963 0.6009 0.6054 0.6109 0.6170
Mixture #30 0.3302 0.3435 0.3567 0.3703 0.3843 0.3981 0.4113 0.4229 0.4303 0.4373 0.4478 0.4591 0.4678 0.4768 0.4886 0.5017 0.5156 0.5298 0.5440 0.5569 0.5663 0.5741 0.5821 0.5890 0.5929 0.5962 0.6014 0.6071 0.6115 0.6160 0.6219 0.6287
Mixture #31 0.3796 0.3943 0.4091 0.4238 0.4386 0.4531 0.4676 0.4803 0.4876 0.4945 0.5056 0.5179 0.5272 0.5365 0.5486 0.5618 0.5753 0.5888 0.6024 0.6146 0.6236 0.6311 0.6379 0.6438 0.6483 0.6525 0.6580 0.6638 0.6678 0.6720 0.6780 0.6853
Mixture #32 0.3830 0.3999 0.4168 0.4332 0.4489 0.4641 0.4799 0.4938 0.5022 0.5101 0.5220 0.5350 0.5453 0.5559 0.5698 0.5847 0.5994 0.6135 0.6267 0.6384 0.6478 0.6557 0.6632 0.6697 0.6741 0.6782 0.6838 0.6899 0.6948 0.6998 0.7060 0.7132
Mixture #33 0.3766 0.3931 0.4096 0.4264 0.4436 0.4606 0.4769 0.4912 0.5004 0.5091 0.5218 0.5357 0.5473 0.5594 0.5749 0.5913 0.6066 0.6211 0.6350 0.6472 0.6562 0.6637 0.6717 0.6786 0.6827 0.6865 0.6929 0.6999 0.7048 0.7096 0.7158 0.7230
Mixture #34 0.3955 0.4137 0.4320 0.4499 0.4675 0.4848 0.5030 0.5191 0.5281 0.5362 0.5490 0.5633 0.5747 0.5864 0.6015 0.6172 0.6315 0.6447 0.6563 0.6661 0.6735 0.6796 0.6858 0.6913 0.6950 0.6986 0.7046 0.7110 0.7155 0.7201 0.7266 0.7346
Mixture #35 0.3875 0.4079 0.4282 0.4477 0.4661 0.4840 0.5029 0.5195 0.5295 0.5386 0.5519 0.5668 0.5800 0.5936 0.6095 0.6258 0.6412 0.6554 0.6670 0.6765 0.6836 0.6894 0.6955 0.7013 0.7057 0.7102 0.7161 0.7223 0.7270 0.7321 0.7391 0.7477
Mixture #36 0.3729 0.3924 0.4119 0.4312 0.4505 0.4697 0.4890 0.5063 0.5174 0.5278 0.5420 0.5574 0.5711 0.5857 0.6045 0.6235 0.6394 0.6532 0.6652 0.6751 0.6819 0.6876 0.6942 0.7003 0.7040 0.7078 0.7146 0.7222 0.7281 0.7339 0.7414 0.7500
Mixture #37 0.3508 0.3607 0.3705 0.3812 0.3930 0.4049 0.4167 0.4271 0.4333 0.4394 0.4492 0.4604 0.4697 0.4793 0.4906 0.5035 0.5189 0.5356 0.5534 0.5704 0.5838 0.5950 0.6045 0.6122 0.6177 0.6227 0.6291 0.6355 0.6400 0.6444 0.6504 0.6575
Mixture #38 0.4432 0.4551 0.4670 0.4788 0.4909 0.5028 0.5149 0.5254 0.5307 0.5358 0.5455 0.5561 0.5633 0.5704 0.5807 0.5924 0.6046 0.6171 0.6301 0.6422 0.6517 0.6597 0.6672 0.6733 0.6767 0.6796 0.6845 0.6897 0.6933 0.6969 0.7018 0.7078
Mixture #39 0.4106 0.4233 0.4359 0.4492 0.4635 0.4779 0.4921 0.5044 0.5112 0.5177 0.5288 0.5410 0.5503 0.5597 0.5721 0.5855 0.5985 0.6119 0.6264 0.6400 0.6501 0.6585 0.6663 0.6728 0.6766 0.6801 0.6859 0.6919 0.6958 0.6995 0.7048 0.7113
Mixture #40 0.3943 0.4102 0.4261 0.4414 0.4560 0.4705 0.4860 0.4998 0.5078 0.5152 0.5264 0.5390 0.5503 0.5618 0.5750 0.5889 0.6033 0.6178 0.6318 0.6446 0.6550 0.6637 0.6717 0.6781 0.6818 0.6853 0.6914 0.6981 0.7025 0.7066 0.7122 0.7186
Mixture #41 0.4052 0.4218 0.4385 0.4551 0.4715 0.4876 0.5035 0.5175 0.5259 0.5338 0.5458 0.5591 0.5706 0.5823 0.5963 0.6107 0.6249 0.6386 0.6516 0.6631 0.6717 0.6790 0.6863 0.6926 0.6965 0.7001 0.7058 0.7118 0.7163 0.7206 0.7264 0.7332
Mixture #42 0.3913 0.4082 0.4251 0.4425 0.4608 0.4788 0.4953 0.5097 0.5192 0.5284 0.5421 0.5571 0.5695 0.5822 0.5983 0.6150 0.6308 0.6458 0.6598 0.6720 0.6806 0.6877 0.6960 0.7033 0.7077 0.7115 0.7173 0.7235 0.7283 0.7333 0.7398 0.7476
Mixture #43 0.3833 0.4019 0.4206 0.4391 0.4573 0.4752 0.4930 0.5087 0.5180 0.5268 0.5399 0.5546 0.5678 0.5814 0.5972 0.6135 0.6292 0.6436 0.6561 0.6665 0.6738 0.6799 0.6868 0.6930 0.6970 0.7008 0.7065 0.7128 0.7176 0.7226 0.7291 0.7369
Mixture #44 0.3831 0.4034 0.4238 0.4438 0.4633 0.4823 0.5014 0.5182 0.5285 0.5383 0.5530 0.5694 0.5840 0.5990 0.6170 0.6354 0.6527 0.6684 0.6810 0.6912 0.6988 0.7053 0.7121 0.7185 0.7234 0.7280 0.7336 0.7396 0.7448 0.7505 0.7579 0.7667
Mixture #45 0.3219 0.3389 0.3559 0.3735 0.3918 0.4102 0.4289 0.4455 0.4553 0.4647 0.4793 0.4959 0.5108 0.5267 0.5467 0.5669 0.5844 0.5997 0.6123 0.6225 0.6299 0.6361 0.6429 0.6492 0.6534 0.6577 0.6646 0.6722 0.6783 0.6846 0.6924 0.7013
Mixture #46 0.4584 0.4711 0.4837 0.4959 0.5076 0.5192 0.5315 0.5423 0.5476 0.5530 0.5638 0.5756 0.5826 0.5895 0.5998 0.6117 0.6242 0.6373 0.6514 0.6647 0.6752 0.6840 0.6915 0.6976 0.7018 0.7054 0.7101 0.7149 0.7185 0.7221 0.7268 0.7325
Mixture #47 0.4436 0.4584 0.4731 0.4873 0.5010 0.5140 0.5270 0.5383 0.5452 0.5515 0.5614 0.5723 0.5809 0.5897 0.6004 0.6121 0.6245 0.6372 0.6497 0.6612 0.6706 0.6784 0.6853 0.6910 0.6944 0.6973 0.7018 0.7065 0.7099 0.7134 0.7182 0.7240
Mixture #48 0.4202 0.4353 0.4504 0.4654 0.4806 0.4953 0.5094 0.5216 0.5293 0.5366 0.5472 0.5591 0.5693 0.5798 0.5923 0.6053 0.6186 0.6319 0.6449 0.6569 0.6665 0.6746 0.6821 0.6881 0.6910 0.6936 0.6993 0.7055 0.7091 0.7124 0.7173 0.7232
Mixture #49 0.3902 0.4068 0.4234 0.4394 0.4547 0.4698 0.4860 0.5003 0.5080 0.5154 0.5280 0.5423 0.5541 0.5660 0.5801 0.5950 0.6103 0.6252 0.6384 0.6502 0.6603 0.6688 0.6758 0.6814 0.6854 0.6892 0.6950 0.7011 0.7054 0.7095 0.7148 0.7210
Mixture #50 0.4115 0.4286 0.4458 0.4633 0.4813 0.4988 0.5154 0.5298 0.5385 0.5467 0.5592 0.5734 0.5862 0.5994 0.6144 0.6298 0.6444 0.6584 0.6717 0.6833 0.6919 0.6990 0.7056 0.7113 0.7154 0.7192 0.7248 0.7307 0.7349 0.7391 0.7445 0.7509
Mixture #51 0.4071 0.4258 0.4446 0.4631 0.4810 0.4988 0.5172 0.5334 0.5418 0.5498 0.5640 0.5803 0.5941 0.6080 0.6243 0.6411 0.6576 0.6732 0.6867 0.6981 0.7068 0.7139 0.7208 0.7269 0.7318 0.7364 0.7418 0.7473 0.7518 0.7566 0.7625 0.7695
Mixture #52 0.3905 0.4092 0.4278 0.4472 0.4679 0.4882 0.5069 0.5229 0.5325 0.5416 0.5558 0.5723 0.5880 0.6045 0.6233 0.6421 0.6590 0.6743 0.6882 0.6999 0.7080 0.7144 0.7215 0.7277 0.7319 0.7358 0.7419 0.7483 0.7530 0.7578 0.7639 0.7712
Mixture #53 0.3802 0.3999 0.4196 0.4397 0.4601 0.4803 0.4999 0.5169 0.5267 0.5362 0.5512 0.5685 0.5847 0.6014 0.6206 0.6401 0.6584 0.6747 0.6876 0.6978 0.7054 0.7119 0.7188 0.7250 0.7293 0.7335 0.7395 0.7459 0.7511 0.7564 0.7631 0.7709
Mixture #54 0.3295 0.3476 0.3656 0.3847 0.4053 0.4257 0.4449 0.4616 0.4722 0.4825 0.4979 0.5156 0.5323 0.5502 0.5718 0.5936 0.6125 0.6288 0.6421 0.6527 0.6602 0.6665 0.6735 0.6799 0.6840 0.6881 0.6949 0.7024 0.7084 0.7145 0.7221 0.7307
Mixture #55 0.5026 0.5191 0.5355 0.5508 0.5647 0.5776 0.5901 0.6012 0.6088 0.6162 0.6264 0.6370 0.6447 0.6523 0.6619 0.6725 0.6841 0.6960 0.7076 0.7183 0.7272 0.7349 0.7422 0.7480 0.7506 0.7525 0.7565 0.7610 0.7637 0.7663 0.7702 0.7751
Mixture #56 0.4839 0.5010 0.5180 0.5343 0.5498 0.5644 0.5783 0.5904 0.5982 0.6059 0.6175 0.6299 0.6391 0.6481 0.6595 0.6719 0.6847 0.6974 0.7096 0.7207 0.7291 0.7362 0.7436 0.7498 0.7532 0.7559 0.7601 0.7644 0.7674 0.7705 0.7750 0.7805
Mixture #57 0.4884 0.5054 0.5224 0.5389 0.5549 0.5700 0.5840 0.5961 0.6036 0.6108 0.6225 0.6352 0.6448 0.6544 0.6673 0.6809 0.6938 0.7060 0.7172 0.7272 0.7351 0.7421 0.7495 0.7557 0.7582 0.7600 0.7644 0.7695 0.7730 0.7765 0.7811 0.7865
Mixture #58 0.4508 0.4681 0.4854 0.5027 0.5201 0.5372 0.5546 0.5695 0.5769 0.5840 0.5975 0.6132 0.6263 0.6393 0.6546 0.6702 0.6850 0.6989 0.7117 0.7230 0.7320 0.7397 0.7467 0.7524 0.7560 0.7592 0.7642 0.7697 0.7738 0.7775 0.7820 0.7868
Mixture #59 0.3904 0.4077 0.4250 0.4430 0.4622 0.4812 0.4992 0.5148 0.5231 0.5313 0.5458 0.5629 0.5779 0.5933 0.6114 0.6294 0.6456 0.6603 0.6733 0.6844 0.6929 0.7000 0.7070 0.7131 0.7172 0.7210 0.7262 0.7316 0.7363 0.7412 0.7471 0.7537
Mixture #60 0.3944 0.4128 0.4311 0.4503 0.4706 0.4904 0.5086 0.5240 0.5328 0.5414 0.5557 0.5726 0.5885 0.6048 0.6223 0.6400 0.6568 0.6721 0.6850 0.6956 0.7036 0.7102 0.7169 0.7228 0.7269 0.7307 0.7359 0.7414 0.7458 0.7504 0.7564 0.7634
Mixture #61 0.3394 0.3551 0.3707 0.3879 0.4072 0.4266 0.4447 0.4604 0.4693 0.4781 0.4930 0.5106 0.5272 0.5447 0.5652 0.5857 0.6035 0.6194 0.6334 0.6452 0.6541 0.6615 0.6689 0.6755 0.6798 0.6839 0.6905 0.6976 0.7031 0.7086 0.7152 0.7227
Mixture #62 0.3573 0.3762 0.3951 0.4150 0.4364 0.4575 0.4767 0.4932 0.5030 0.5129 0.5290 0.5481 0.5669 0.5863 0.6072 0.6283 0.6487 0.6671 0.6814 0.6926 0.7008 0.7078 0.7156 0.7229 0.7276 0.7319 0.7380 0.7446 0.7500 0.7557 0.7631 0.7718
Mixture #63 0.3285 0.3461 0.3637 0.3834 0.4059 0.4283 0.4482 0.4649 0.4744 0.4843 0.5015 0.5225 0.5429 0.5643 0.5879 0.6115 0.6335 0.6530 0.6680 0.6795 0.6880 0.6952 0.7033 0.7108 0.7159 0.7208 0.7278 0.7352 0.7407 0.7463 0.7543 0.7640
Mixture #64 0.5837 0.6011 0.6184 0.6347 0.6497 0.6636 0.6769 0.6882 0.6955 0.7026 0.7138 0.7256 0.7335 0.7407 0.7497 0.7593 0.7693 0.7793 0.7892 0.7983 0.8048 0.8105 0.8172 0.8229 0.8247 0.8259 0.8295 0.8334 0.8346 0.8357 0.8388 0.8435
Mixture #65 0.5209 0.5405 0.5600 0.5781 0.5944 0.6098 0.6255 0.6392 0.6473 0.6550 0.6675 0.6813 0.6922 0.7026 0.7145 0.7268 0.7392 0.7512 0.7617 0.7711 0.7793 0.7865 0.7932 0.7987 0.8013 0.8035 0.8076 0.8119 0.8140 0.8159 0.8200 0.8255
Mixture #66 0.4954 0.5136 0.5319 0.5502 0.5689 0.5867 0.6028 0.6165 0.6254 0.6342 0.6479 0.6632 0.6754 0.6876 0.7026 0.7179 0.7318 0.7445 0.7561 0.7660 0.7734 0.7798 0.7877 0.7944 0.7967 0.7983 0.8028 0.8080 0.8110 0.8137 0.8181 0.8236
Mixture #67 0.4869 0.5050 0.5231 0.5419 0.5618 0.5810 0.5976 0.6115 0.6198 0.6281 0.6414 0.6569 0.6716 0.6864 0.7017 0.7169 0.7311 0.7443 0.7559 0.7657 0.7724 0.7782 0.7856 0.7920 0.7942 0.7958 0.8010 0.8068 0.8093 0.8116 0.8161 0.8221
Mixture #68 0.3957 0.4128 0.4299 0.4483 0.4687 0.4887 0.5061 0.5208 0.5299 0.5394 0.5551 0.5733 0.5896 0.6062 0.6253 0.6446 0.6629 0.6797 0.6936 0.7051 0.7131 0.7197 0.7280 0.7355 0.7393 0.7424 0.7478 0.7538 0.7583 0.7630 0.7693 0.7769
Mixture #69 0.3768 0.3947 0.4125 0.4313 0.4513 0.4711 0.4901 0.5064 0.5151 0.5236 0.5390 0.5578 0.5764 0.5954 0.6151 0.6347 0.6537 0.6710 0.6847 0.6959 0.7054 0.7135 0.7207 0.7267 0.7307 0.7346 0.7409 0.7476 0.7521 0.7566 0.7631 0.7710
Mixture #70 0.3549 0.3744 0.3939 0.4139 0.4346 0.4549 0.4740 0.4906 0.5005 0.5107 0.5274 0.5473 0.5670 0.5873 0.6092 0.6313 0.6534 0.6731 0.6870 0.6976 0.7066 0.7145 0.7229 0.7303 0.7346 0.7385 0.7445 0.7513 0.7569 0.7627 0.7700 0.7783
Mixture #71 0.3613 0.3794 0.3975 0.4175 0.4403 0.4632 0.4837 0.5010 0.5100 0.5194 0.5375 0.5596 0.5805 0.6019 0.6251 0.6482 0.6702 0.6899 0.7050 0.7169 0.7255 0.7327 0.7409 0.7482 0.7529 0.7571 0.7632 0.7696 0.7747 0.7801 0.7869 0.7949
Mixture #72 0.2889 0.3053 0.3217 0.3403 0.3621 0.3842 0.4042 0.4212 0.4305 0.4402 0.4579 0.4798 0.5022 0.5260 0.5521 0.5780 0.6017 0.6226 0.6393 0.6524 0.6624 0.6706 0.6791 0.6868 0.6920 0.6971 0.7048 0.7131 0.7197 0.7262 0.7343 0.7434
#73 - Clay 239 0.6164 0.6374 0.6583 0.6789 0.6992 0.7180 0.7344 0.7485 0.7591 0.7698 0.7854 0.8015 0.8121 0.8213 0.8322 0.8429 0.8525 0.8613 0.8697 0.8771 0.8822 0.8867 0.8924 0.8972 0.8990 0.9000 0.9030 0.9060 0.9061 0.9061 0.9091 0.9142
Mixture #74 0.5979 0.6197 0.6416 0.6617 0.6797 0.6969 0.7150 0.7308 0.7392 0.7476 0.7636 0.7813 0.7934 0.8041 0.8159 0.8279 0.8406 0.8521 0.8603 0.8665 0.8719 0.8768 0.8824 0.8872 0.8889 0.8900 0.8927 0.8957 0.8969 0.8982 0.9014 0.9061
Mixture #75 0.5569 0.5761 0.5953 0.6151 0.6360 0.6557 0.6724 0.6861 0.6941 0.7021 0.7160 0.7322 0.7465 0.7607 0.7760 0.7909 0.8039 0.8155 0.8258 0.8345 0.8405 0.8454 0.8515 0.8568 0.8587 0.8602 0.8644 0.8690 0.8708 0.8724 0.8763 0.8816
Mixture #76 0.5043 0.5259 0.5474 0.5686 0.5896 0.6100 0.6305 0.6481 0.6563 0.6648 0.6822 0.7030 0.7203 0.7374 0.7563 0.7750 0.7922 0.8071 0.8179 0.8263 0.8338 0.8402 0.8460 0.8508 0.8537 0.8563 0.8605 0.8648 0.8670 0.8694 0.8738 0.8797
Mixture #77 0.4390 0.4592 0.4794 0.5001 0.5214 0.5421 0.5613 0.5776 0.5865 0.5957 0.6128 0.6332 0.6517 0.6707 0.6916 0.7125 0.7320 0.7491 0.7619 0.7720 0.7800 0.7869 0.7945 0.8011 0.8045 0.8074 0.8125 0.8180 0.8221 0.8263 0.8320 0.8388
Mixture #78 0.3636 0.3812 0.3989 0.4187 0.4414 0.4638 0.4825 0.4980 0.5069 0.5164 0.5334 0.5545 0.5762 0.5987 0.6213 0.6438 0.6663 0.6865 0.7016 0.7133 0.7221 0.7293 0.7372 0.7442 0.7488 0.7531 0.7596 0.7663 0.7703 0.7745 0.7817 0.7910
Mixture #79 0.3410 0.3591 0.3771 0.3972 0.4203 0.4430 0.4625 0.4786 0.4872 0.4966 0.5149 0.5378 0.5607 0.5843 0.6090 0.6336 0.6580 0.6797 0.6953 0.7071 0.7160 0.7234 0.7313 0.7385 0.7439 0.7489 0.7549 0.7610 0.7659 0.7712 0.7790 0.7885
Mixture #80 0.3544 0.3740 0.3935 0.4151 0.4398 0.4643 0.4857 0.5034 0.5123 0.5218 0.5411 0.5653 0.5896 0.6147 0.6407 0.6665 0.6917 0.7138 0.7294 0.7410 0.7501 0.7577 0.7660 0.7732 0.7774 0.7812 0.7873 0.7940 0.7988 0.8039 0.8109 0.8195
#81 - Clay F 0.3187 0.3373 0.3560 0.3775 0.4030 0.4283 0.4498 0.4673 0.4759 0.4852 0.5044 0.5291 0.5549 0.5820 0.6097 0.6370 0.6632 0.6863 0.7031 0.7158 0.7256 0.7338 0.7419 0.7491 0.7542 0.7591 0.7657 0.7727 0.7784 0.7843 0.7918 0.8006
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TABLE M.4 – SPECTRAL DATA FOR THE FOUR-CONSTITUENT INORGANIC ANALYSIS 
Spectral Data 
(nm) 390 400 410 420 430 440 450 460 470 480 490 500 510 520 530 540 550 560 570 580 590 600 610 620 630 640 650 660 670 680 690 700
AzDust 0.14 0.15 0.15 0.16 0.17 0.17 0.18 0.19 0.20 0.20 0.21 0.22 0.22 0.23 0.24 0.26 0.27 0.29 0.31 0.33 0.35 0.36 0.38 0.39 0.40 0.41 0.41 0.42 0.43 0.44 0.45 0.46
Mixture #2 0.16 0.17 0.17 0.18 0.19 0.20 0.21 0.22 0.22 0.23 0.23 0.24 0.25 0.26 0.27 0.28 0.30 0.31 0.33 0.35 0.36 0.38 0.39 0.40 0.40 0.41 0.42 0.43 0.44 0.44 0.45 0.46
Mixture #3 0.16 0.17 0.18 0.18 0.19 0.20 0.21 0.22 0.23 0.23 0.24 0.25 0.26 0.26 0.28 0.29 0.30 0.32 0.33 0.34 0.35 0.37 0.38 0.38 0.39 0.40 0.40 0.41 0.42 0.43 0.43 0.44
Mixture #4 0.17 0.18 0.19 0.20 0.20 0.21 0.23 0.24 0.24 0.25 0.26 0.27 0.27 0.28 0.30 0.31 0.32 0.34 0.35 0.36 0.37 0.38 0.39 0.40 0.40 0.41 0.42 0.42 0.43 0.44 0.44 0.45
Mixture #5 0.17 0.18 0.19 0.20 0.21 0.21 0.23 0.24 0.25 0.25 0.26 0.27 0.28 0.29 0.30 0.31 0.32 0.34 0.35 0.35 0.36 0.37 0.38 0.39 0.39 0.40 0.41 0.41 0.42 0.42 0.43 0.44
Mixture #6 0.18 0.19 0.20 0.21 0.21 0.22 0.24 0.25 0.26 0.26 0.27 0.28 0.29 0.30 0.31 0.33 0.34 0.35 0.36 0.37 0.38 0.38 0.39 0.40 0.40 0.41 0.41 0.42 0.43 0.43 0.44 0.45
Mixture #7 0.19 0.19 0.20 0.21 0.22 0.23 0.24 0.26 0.26 0.27 0.28 0.29 0.30 0.31 0.32 0.33 0.35 0.36 0.36 0.37 0.38 0.39 0.39 0.40 0.40 0.41 0.41 0.42 0.42 0.43 0.44 0.44
Clay 42 0.19 0.20 0.20 0.21 0.22 0.23 0.25 0.26 0.27 0.27 0.28 0.29 0.30 0.31 0.32 0.34 0.35 0.36 0.37 0.37 0.38 0.39 0.39 0.40 0.40 0.41 0.41 0.42 0.43 0.43 0.44 0.45
Mixture #9 0.19 0.20 0.20 0.21 0.22 0.23 0.25 0.26 0.27 0.27 0.28 0.29 0.30 0.31 0.33 0.34 0.36 0.37 0.37 0.38 0.39 0.39 0.40 0.40 0.41 0.41 0.42 0.42 0.43 0.44 0.44 0.45
Mixture #10 0.18 0.18 0.19 0.20 0.20 0.21 0.22 0.23 0.23 0.24 0.25 0.25 0.26 0.27 0.28 0.29 0.31 0.33 0.35 0.37 0.38 0.40 0.42 0.43 0.44 0.44 0.45 0.46 0.47 0.48 0.49 0.50
Mixture #11 0.19 0.19 0.20 0.21 0.21 0.22 0.23 0.24 0.25 0.25 0.26 0.27 0.28 0.29 0.30 0.31 0.33 0.34 0.36 0.38 0.39 0.40 0.42 0.43 0.43 0.44 0.45 0.46 0.47 0.47 0.48 0.49
Mixture #12 0.18 0.18 0.19 0.20 0.21 0.21 0.23 0.24 0.24 0.25 0.26 0.26 0.27 0.28 0.29 0.31 0.32 0.34 0.35 0.36 0.38 0.39 0.40 0.41 0.42 0.42 0.43 0.44 0.44 0.45 0.46 0.47
Mixture #13 0.18 0.19 0.20 0.20 0.21 0.22 0.23 0.25 0.25 0.26 0.27 0.27 0.28 0.29 0.31 0.32 0.34 0.35 0.36 0.37 0.39 0.40 0.41 0.41 0.42 0.43 0.43 0.44 0.45 0.45 0.46 0.47
Mixture #14 0.19 0.20 0.21 0.22 0.23 0.24 0.25 0.26 0.27 0.27 0.28 0.29 0.30 0.31 0.32 0.34 0.35 0.36 0.37 0.38 0.39 0.40 0.41 0.42 0.42 0.43 0.43 0.44 0.45 0.45 0.46 0.47
Mixture #15 0.19 0.20 0.20 0.21 0.22 0.23 0.24 0.26 0.26 0.27 0.28 0.28 0.29 0.31 0.32 0.33 0.35 0.36 0.37 0.38 0.39 0.40 0.40 0.41 0.42 0.42 0.43 0.44 0.44 0.45 0.45 0.46
Mixture #16 0.18 0.19 0.20 0.21 0.21 0.22 0.24 0.25 0.26 0.27 0.27 0.28 0.29 0.31 0.32 0.33 0.35 0.36 0.37 0.38 0.39 0.40 0.41 0.42 0.42 0.43 0.43 0.44 0.45 0.45 0.46 0.47
Mixture #17 0.19 0.19 0.20 0.21 0.22 0.23 0.24 0.25 0.26 0.27 0.27 0.28 0.29 0.30 0.32 0.33 0.34 0.36 0.36 0.37 0.38 0.39 0.40 0.40 0.41 0.41 0.42 0.43 0.43 0.44 0.44 0.45
Mixture #18 0.19 0.20 0.21 0.21 0.22 0.23 0.25 0.26 0.27 0.27 0.28 0.29 0.30 0.31 0.33 0.34 0.35 0.36 0.37 0.38 0.39 0.39 0.40 0.41 0.41 0.42 0.42 0.43 0.44 0.44 0.45 0.45
Mixture #19 0.17 0.18 0.18 0.19 0.20 0.21 0.22 0.23 0.24 0.24 0.25 0.26 0.27 0.28 0.29 0.30 0.32 0.33 0.35 0.36 0.37 0.39 0.40 0.41 0.41 0.42 0.43 0.43 0.44 0.45 0.46 0.46
Mixture #20 0.20 0.21 0.22 0.23 0.23 0.24 0.25 0.26 0.27 0.27 0.28 0.29 0.30 0.31 0.32 0.33 0.34 0.36 0.37 0.39 0.40 0.42 0.43 0.44 0.44 0.45 0.46 0.47 0.47 0.48 0.49 0.49
Mixture #21 0.21 0.21 0.22 0.23 0.24 0.25 0.26 0.27 0.27 0.28 0.29 0.30 0.31 0.31 0.33 0.34 0.35 0.37 0.38 0.40 0.41 0.42 0.44 0.45 0.45 0.46 0.47 0.47 0.48 0.49 0.50 0.50
Mixture #22 0.20 0.20 0.21 0.22 0.23 0.24 0.25 0.26 0.27 0.27 0.28 0.29 0.30 0.31 0.32 0.34 0.35 0.37 0.38 0.39 0.41 0.42 0.43 0.44 0.44 0.45 0.46 0.46 0.47 0.48 0.49 0.49
Mixture #23 0.20 0.21 0.22 0.23 0.24 0.24 0.26 0.27 0.28 0.28 0.29 0.30 0.31 0.32 0.33 0.34 0.36 0.37 0.38 0.40 0.41 0.42 0.43 0.44 0.44 0.45 0.46 0.46 0.47 0.48 0.48 0.49
Mixture #24 0.20 0.21 0.21 0.22 0.23 0.24 0.25 0.27 0.27 0.28 0.29 0.29 0.30 0.31 0.33 0.34 0.35 0.37 0.38 0.39 0.40 0.41 0.42 0.43 0.43 0.44 0.44 0.45 0.46 0.46 0.47 0.48
Mixture #25 0.19 0.20 0.21 0.21 0.22 0.23 0.25 0.26 0.27 0.28 0.29 0.30 0.31 0.32 0.34 0.36 0.38 0.40 0.42 0.43 0.44 0.46 0.47 0.47 0.48 0.49 0.49 0.50 0.51 0.52 0.53 0.53
Mixture #26 0.20 0.21 0.22 0.23 0.23 0.24 0.26 0.28 0.29 0.30 0.30 0.31 0.32 0.34 0.36 0.38 0.40 0.42 0.43 0.44 0.46 0.47 0.48 0.48 0.49 0.50 0.50 0.51 0.52 0.53 0.53 0.54
Mixture #27 0.19 0.20 0.21 0.22 0.23 0.24 0.26 0.27 0.28 0.29 0.30 0.31 0.32 0.34 0.35 0.38 0.40 0.42 0.43 0.44 0.45 0.46 0.47 0.48 0.49 0.49 0.50 0.51 0.51 0.52 0.53 0.54
Mixture #28 0.29 0.30 0.31 0.31 0.32 0.33 0.34 0.35 0.36 0.36 0.37 0.38 0.39 0.40 0.41 0.42 0.44 0.46 0.48 0.50 0.52 0.54 0.56 0.57 0.58 0.58 0.59 0.60 0.61 0.62 0.63 0.64
Mixture #29 0.26 0.26 0.27 0.28 0.29 0.30 0.31 0.32 0.33 0.34 0.34 0.35 0.36 0.37 0.39 0.40 0.42 0.44 0.46 0.48 0.50 0.52 0.54 0.55 0.55 0.56 0.57 0.58 0.59 0.60 0.61 0.62
Mixture #30 0.23 0.24 0.24 0.25 0.26 0.27 0.28 0.30 0.30 0.31 0.32 0.33 0.34 0.35 0.37 0.38 0.40 0.42 0.44 0.46 0.48 0.50 0.51 0.52 0.53 0.53 0.54 0.55 0.56 0.57 0.58 0.59
Mixture #31 0.25 0.26 0.27 0.28 0.28 0.29 0.31 0.32 0.33 0.34 0.35 0.36 0.37 0.38 0.39 0.41 0.43 0.45 0.47 0.49 0.50 0.52 0.53 0.54 0.55 0.55 0.56 0.57 0.58 0.58 0.59 0.60
Mixture #32 0.24 0.25 0.26 0.27 0.28 0.29 0.30 0.32 0.33 0.33 0.34 0.35 0.36 0.38 0.39 0.41 0.43 0.45 0.47 0.49 0.50 0.52 0.53 0.54 0.55 0.55 0.56 0.57 0.58 0.59 0.59 0.60
Mixture #33 0.23 0.24 0.25 0.26 0.27 0.28 0.29 0.31 0.32 0.32 0.33 0.34 0.35 0.37 0.38 0.40 0.43 0.45 0.47 0.49 0.50 0.52 0.53 0.54 0.55 0.56 0.57 0.58 0.59 0.59 0.60 0.61
Mixture #34 0.22 0.23 0.24 0.25 0.26 0.27 0.29 0.30 0.31 0.32 0.33 0.34 0.35 0.37 0.39 0.40 0.43 0.45 0.46 0.48 0.49 0.50 0.51 0.52 0.53 0.53 0.54 0.55 0.56 0.56 0.57 0.58
Mixture #35 0.21 0.22 0.23 0.24 0.25 0.26 0.27 0.29 0.30 0.31 0.32 0.32 0.34 0.35 0.37 0.39 0.41 0.43 0.44 0.46 0.47 0.48 0.49 0.50 0.51 0.51 0.52 0.53 0.54 0.54 0.55 0.56
Mixture #36 0.20 0.21 0.21 0.22 0.23 0.24 0.26 0.27 0.28 0.29 0.30 0.31 0.32 0.33 0.35 0.37 0.39 0.41 0.43 0.45 0.46 0.47 0.48 0.49 0.50 0.50 0.51 0.52 0.53 0.53 0.54 0.55
Mixture #37 0.30 0.31 0.32 0.33 0.34 0.34 0.36 0.37 0.37 0.38 0.39 0.40 0.41 0.42 0.43 0.45 0.47 0.49 0.52 0.54 0.56 0.58 0.60 0.61 0.62 0.63 0.64 0.65 0.66 0.67 0.68 0.69
Mixture #38 0.36 0.37 0.39 0.39 0.40 0.41 0.42 0.44 0.44 0.45 0.46 0.47 0.47 0.48 0.50 0.51 0.53 0.55 0.56 0.58 0.60 0.61 0.63 0.63 0.64 0.65 0.65 0.66 0.67 0.68 0.68 0.69
Mixture #39 0.31 0.32 0.33 0.34 0.34 0.35 0.37 0.38 0.39 0.39 0.40 0.41 0.42 0.43 0.45 0.46 0.48 0.50 0.52 0.54 0.55 0.57 0.58 0.59 0.60 0.60 0.61 0.62 0.63 0.63 0.64 0.65
Mixture #40 0.27 0.28 0.29 0.30 0.31 0.32 0.33 0.35 0.36 0.36 0.37 0.38 0.39 0.40 0.42 0.44 0.46 0.48 0.50 0.52 0.54 0.56 0.57 0.58 0.59 0.59 0.60 0.61 0.62 0.63 0.64 0.65
Mixture #41 0.27 0.28 0.29 0.30 0.31 0.32 0.33 0.35 0.36 0.36 0.37 0.38 0.39 0.41 0.42 0.44 0.46 0.48 0.50 0.52 0.53 0.55 0.56 0.57 0.58 0.58 0.59 0.60 0.61 0.61 0.62 0.63
Mixture #42 0.25 0.26 0.27 0.28 0.29 0.30 0.31 0.33 0.34 0.35 0.36 0.37 0.38 0.39 0.41 0.43 0.45 0.47 0.49 0.51 0.53 0.55 0.56 0.57 0.58 0.58 0.59 0.60 0.61 0.62 0.63 0.64
Mixture #43 0.24 0.25 0.25 0.26 0.27 0.28 0.30 0.31 0.32 0.33 0.34 0.35 0.36 0.38 0.40 0.42 0.44 0.46 0.48 0.50 0.52 0.54 0.55 0.56 0.56 0.57 0.58 0.59 0.60 0.61 0.61 0.62
Mixture #44 0.22 0.23 0.24 0.25 0.26 0.27 0.29 0.30 0.31 0.32 0.33 0.34 0.35 0.37 0.38 0.41 0.43 0.45 0.47 0.49 0.51 0.53 0.54 0.55 0.56 0.57 0.57 0.58 0.59 0.60 0.61 0.62
Mixture #45 0.19 0.20 0.21 0.22 0.23 0.24 0.25 0.27 0.28 0.29 0.29 0.30 0.32 0.33 0.35 0.37 0.39 0.42 0.44 0.46 0.48 0.50 0.51 0.52 0.53 0.54 0.55 0.56 0.57 0.57 0.58 0.60
Mixture #46 0.41 0.43 0.44 0.45 0.46 0.47 0.48 0.49 0.50 0.51 0.52 0.53 0.54 0.54 0.55 0.57 0.59 0.61 0.62 0.64 0.66 0.68 0.69 0.70 0.71 0.71 0.72 0.72 0.73 0.74 0.75 0.75
Mixture #47 0.38 0.40 0.41 0.42 0.43 0.44 0.45 0.46 0.47 0.47 0.48 0.49 0.50 0.51 0.52 0.54 0.55 0.57 0.59 0.61 0.63 0.64 0.65 0.66 0.67 0.68 0.68 0.69 0.70 0.70 0.71 0.72
Mixture #48 0.34 0.35 0.36 0.37 0.38 0.39 0.41 0.42 0.43 0.43 0.44 0.45 0.46 0.47 0.49 0.50 0.52 0.54 0.56 0.58 0.60 0.62 0.63 0.64 0.65 0.66 0.66 0.67 0.68 0.68 0.69 0.70
Mixture #49 0.30 0.31 0.32 0.33 0.34 0.35 0.36 0.37 0.38 0.39 0.40 0.41 0.42 0.43 0.44 0.46 0.48 0.50 0.52 0.54 0.56 0.58 0.59 0.60 0.60 0.61 0.62 0.63 0.63 0.64 0.65 0.65
Mixture #50 0.29 0.30 0.31 0.32 0.33 0.34 0.36 0.37 0.38 0.38 0.39 0.40 0.41 0.42 0.44 0.45 0.48 0.50 0.52 0.53 0.55 0.57 0.58 0.59 0.59 0.60 0.61 0.62 0.62 0.63 0.64 0.65
Mixture #51 0.27 0.28 0.29 0.30 0.31 0.32 0.34 0.35 0.36 0.37 0.37 0.38 0.40 0.41 0.42 0.44 0.46 0.48 0.50 0.52 0.54 0.56 0.57 0.58 0.58 0.59 0.60 0.61 0.61 0.62 0.63 0.64
Mixture #52 0.25 0.26 0.27 0.28 0.29 0.30 0.32 0.33 0.34 0.35 0.36 0.37 0.38 0.39 0.41 0.43 0.45 0.47 0.49 0.52 0.54 0.56 0.57 0.58 0.58 0.59 0.60 0.61 0.62 0.63 0.63 0.64
Mixture #53 0.23 0.24 0.25 0.26 0.26 0.28 0.29 0.30 0.31 0.32 0.33 0.34 0.35 0.37 0.38 0.40 0.43 0.45 0.47 0.49 0.51 0.53 0.54 0.55 0.55 0.56 0.57 0.58 0.59 0.59 0.60 0.61
Mixture #54 0.20 0.21 0.22 0.22 0.23 0.24 0.26 0.27 0.28 0.29 0.29 0.30 0.31 0.33 0.34 0.36 0.39 0.41 0.43 0.45 0.48 0.49 0.51 0.51 0.52 0.53 0.54 0.55 0.56 0.56 0.57 0.58
Mixture #55 0.47 0.48 0.50 0.51 0.52 0.53 0.55 0.56 0.57 0.57 0.58 0.59 0.60 0.61 0.62 0.63 0.65 0.66 0.68 0.69 0.71 0.72 0.73 0.74 0.74 0.75 0.75 0.76 0.76 0.77 0.77 0.78
Mixture #56 0.42 0.44 0.45 0.46 0.47 0.48 0.50 0.51 0.52 0.52 0.53 0.54 0.55 0.56 0.57 0.59 0.60 0.62 0.64 0.66 0.67 0.69 0.70 0.71 0.71 0.72 0.73 0.73 0.74 0.74 0.75 0.76
Mixture #57 0.41 0.43 0.44 0.45 0.46 0.47 0.48 0.50 0.50 0.51 0.52 0.53 0.54 0.55 0.56 0.57 0.59 0.61 0.63 0.65 0.66 0.68 0.69 0.70 0.71 0.71 0.72 0.72 0.73 0.73 0.74 0.75
Mixture #58 0.35 0.37 0.38 0.39 0.40 0.41 0.42 0.44 0.44 0.45 0.46 0.47 0.48 0.49 0.51 0.52 0.54 0.57 0.59 0.61 0.63 0.65 0.66 0.67 0.68 0.69 0.69 0.70 0.71 0.71 0.72 0.73
Mixture #59 0.30 0.31 0.32 0.33 0.34 0.35 0.37 0.38 0.39 0.39 0.40 0.41 0.42 0.44 0.45 0.47 0.49 0.51 0.54 0.56 0.58 0.60 0.61 0.62 0.63 0.64 0.65 0.65 0.66 0.67 0.68 0.68
Mixture #60 0.29 0.29 0.30 0.31 0.32 0.33 0.35 0.36 0.37 0.38 0.39 0.40 0.41 0.42 0.43 0.45 0.47 0.50 0.52 0.55 0.57 0.59 0.60 0.61 0.62 0.63 0.63 0.64 0.65 0.66 0.66 0.67
Mixture #61 0.24 0.25 0.26 0.27 0.28 0.29 0.30 0.31 0.32 0.33 0.34 0.35 0.36 0.37 0.38 0.40 0.42 0.45 0.48 0.50 0.53 0.55 0.56 0.57 0.58 0.59 0.60 0.61 0.62 0.63 0.64 0.65
Mixture #62 0.24 0.24 0.25 0.26 0.27 0.28 0.29 0.31 0.31 0.32 0.33 0.34 0.35 0.36 0.38 0.40 0.43 0.45 0.48 0.50 0.53 0.55 0.57 0.58 0.59 0.60 0.61 0.61 0.62 0.63 0.64 0.65
Mixture #63 0.22 0.23 0.24 0.24 0.25 0.26 0.28 0.29 0.30 0.31 0.32 0.33 0.34 0.35 0.37 0.39 0.41 0.44 0.48 0.51 0.53 0.56 0.58 0.59 0.60 0.61 0.62 0.63 0.64 0.65 0.66 0.67
Mixture #64 0.55 0.56 0.58 0.59 0.61 0.62 0.63 0.65 0.66 0.66 0.67 0.69 0.70 0.70 0.71 0.72 0.74 0.75 0.76 0.77 0.79 0.80 0.81 0.81 0.82 0.82 0.82 0.82 0.83 0.83 0.83 0.84
Mixture #65 0.47 0.49 0.51 0.52 0.53 0.54 0.56 0.57 0.58 0.59 0.60 0.61 0.62 0.63 0.64 0.65 0.67 0.69 0.70 0.72 0.74 0.75 0.76 0.77 0.77 0.78 0.78 0.79 0.79 0.79 0.80 0.80
Mixture #66 0.43 0.44 0.46 0.47 0.48 0.50 0.51 0.52 0.53 0.54 0.55 0.56 0.57 0.58 0.59 0.60 0.62 0.65 0.67 0.69 0.71 0.73 0.74 0.74 0.75 0.76 0.76 0.77 0.77 0.78 0.78 0.79
Mixture #67 0.42 0.43 0.44 0.45 0.46 0.47 0.49 0.50 0.51 0.52 0.53 0.54 0.55 0.56 0.57 0.58 0.61 0.63 0.65 0.68 0.70 0.72 0.73 0.74 0.75 0.76 0.76 0.77 0.77 0.78 0.78 0.79
Mixture #68 0.33 0.35 0.36 0.37 0.38 0.39 0.40 0.41 0.42 0.43 0.44 0.45 0.46 0.47 0.48 0.50 0.52 0.55 0.57 0.60 0.62 0.65 0.66 0.67 0.68 0.69 0.70 0.70 0.71 0.72 0.73 0.73
Mixture #69 0.30 0.31 0.32 0.33 0.34 0.35 0.36 0.37 0.38 0.39 0.40 0.41 0.42 0.43 0.44 0.46 0.48 0.51 0.54 0.57 0.59 0.62 0.63 0.64 0.66 0.66 0.67 0.68 0.69 0.69 0.70 0.71
Mixture #70 0.27 0.28 0.29 0.30 0.31 0.32 0.33 0.34 0.35 0.36 0.37 0.38 0.39 0.40 0.41 0.43 0.46 0.49 0.52 0.55 0.58 0.61 0.63 0.64 0.65 0.66 0.67 0.68 0.69 0.70 0.71 0.71
Mixture #71 0.27 0.28 0.29 0.30 0.31 0.32 0.33 0.34 0.35 0.36 0.37 0.38 0.39 0.40 0.42 0.44 0.47 0.50 0.53 0.56 0.60 0.62 0.64 0.65 0.67 0.68 0.68 0.69 0.70 0.71 0.72 0.73
Mixture #72 0.21 0.22 0.22 0.23 0.24 0.25 0.26 0.27 0.28 0.28 0.29 0.30 0.31 0.32 0.34 0.36 0.39 0.42 0.46 0.49 0.53 0.56 0.58 0.60 0.61 0.62 0.63 0.64 0.65 0.66 0.68 0.69
Clay 239 0.59 0.62 0.64 0.66 0.68 0.69 0.71 0.72 0.73 0.74 0.75 0.77 0.77 0.78 0.79 0.80 0.81 0.82 0.82 0.82 0.84 0.85 0.85 0.85 0.86 0.86 0.86 0.86 0.86 0.87 0.87 0.87
Mixture #74 0.57 0.59 0.60 0.62 0.63 0.65 0.66 0.67 0.68 0.69 0.70 0.71 0.72 0.73 0.74 0.75 0.77 0.78 0.79 0.80 0.82 0.83 0.84 0.84 0.85 0.85 0.85 0.85 0.86 0.86 0.86 0.87
Mixture #75 0.51 0.53 0.54 0.55 0.57 0.58 0.59 0.60 0.61 0.62 0.63 0.64 0.65 0.65 0.66 0.68 0.70 0.72 0.74 0.76 0.78 0.80 0.81 0.82 0.82 0.83 0.83 0.83 0.84 0.84 0.85 0.85
Mixture #76 0.46 0.47 0.49 0.50 0.51 0.52 0.54 0.55 0.56 0.56 0.57 0.59 0.60 0.60 0.62 0.63 0.66 0.68 0.71 0.73 0.76 0.78 0.79 0.80 0.81 0.82 0.82 0.83 0.83 0.84 0.84 0.85
Mixture #77 0.40 0.41 0.42 0.44 0.45 0.46 0.47 0.48 0.49 0.50 0.51 0.52 0.53 0.53 0.55 0.56 0.59 0.61 0.64 0.67 0.70 0.72 0.74 0.75 0.76 0.77 0.78 0.78 0.79 0.79 0.80 0.81
Mixture #78 0.33 0.34 0.35 0.36 0.37 0.38 0.39 0.41 0.41 0.42 0.43 0.44 0.45 0.46 0.47 0.49 0.51 0.55 0.58 0.61 0.65 0.68 0.69 0.71 0.72 0.73 0.74 0.75 0.76 0.76 0.77 0.78
Mixture #79 0.32 0.33 0.34 0.35 0.36 0.37 0.38 0.39 0.40 0.41 0.42 0.43 0.44 0.45 0.46 0.48 0.51 0.54 0.58 0.61 0.65 0.68 0.70 0.72 0.73 0.74 0.75 0.76 0.77 0.78 0.79 0.79
Mixture #80 0.30 0.31 0.32 0.33 0.33 0.34 0.36 0.37 0.38 0.38 0.39 0.40 0.41 0.43 0.44 0.46 0.49 0.53 0.57 0.60 0.64 0.68 0.70 0.72 0.73 0.74 0.75 0.76 0.77 0.78 0.79 0.79
Clay F 0.25 0.26 0.27 0.28 0.29 0.30 0.31 0.32 0.33 0.33 0.34 0.35 0.36 0.37 0.39 0.41 0.44 0.48 0.52 0.56 0.60 0.63 0.66 0.67 0.69 0.70 0.71 0.72 0.73 0.74 0.75 0.76  
  
 
250
APPENDIX N – TOTAL SUSPENDED SOLIDS DATA FOR THE FOUR-
CONSTITUENT ANALYSIS 
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TABLE N.1 – TOTAL SUSPENDED SOLIDS DATA FOR THE FOUR-CONSTITUENT ANALYSIS 
 
Solids Analyses Water Quality Laboratory, 3209 CEBA
Sample Date / Time / Analyst: 9/12/2005  Experimental System: Four Component Mixture Analysis
Testing Date  / Time / Analyst: 9/12/2005  Calibration weight:         3 grams                                         
Circle Parameter being determined  TSS @ 105ºC / VSS @ 550ºC; TDS @ 180ºC ; TS @ 105ºC /VS
Sample ID
Pan/Mixture 
Number
Tare Wt. 
(grams)
Volume 
Filtered (ml)
Final Wt. 
(grams)
Ash Wt. 
(grams) Solids (grams) TSS (mg/L) VSS (mg/L) Comments
Az Dust 1 1.1460 100 1.2396 1.2374 0.0936 936.0 914.0
Mix-Az,42 2 1.1434 100 1.2364 1.2326 0.0930 930.0 892.0
Mix-Az,42 3 1.1434 100 1.2410 1.2350 0.0976 976.0 916.0
Mix-Az,42 4 1.1444 100 1.2400 1.2358 0.0956 956.0 914.0
Mix-Az,42 5 1.1415 100 1.2397 1.2346 0.0982 982.0 931.0
Mix-Az,42 6 1.1444 100 1.2395 1.2335 0.0951 951.0 891.0
Mix-Az,42 7 1.4506 100 1.5478 1.5417 0.0972 972.0 911.0
Mix-Az,42 8 1.4478 100 1.5439 1.5378 0.0961 961.0 900.0
Clay 42 9 1.4498 100 1.5468 1.5392 0.0970 970.0 894.0
Mix-Az,239 10 1.4463 100 1.5401 1.5365 0.0938 938.0 902.0
Mix-Az,239,42,F 11 1.4494 100 1.5427 1.5388 0.0933 933.0 894.0
Mix-Az,239,42,F 12 1.4493 100 1.5474 1.5439 0.0981 981.0 946.0
Mix-Az,239,42,F 13 1.4425 100 1.5396 1.5347 0.0971 971.0 922.0
Mix-Az,239,42,F 14 1.4399 100 1.5266 1.5217 0.0867 867.0 818.0 Lost some solids due to apparatus seal failure
Mix-Az,239,42,F 15 1.4430 100 1.5408 1.5350 0.0978 978.0 920.0
Mix-Az,239,42,F 16 1.4477 100 1.5415 1.5352 0.0938 938.0 875.0
Mix-Az,239,42,F 17 1.4516 100 1.5463 1.5405 0.0947 947.0 889.0
Mix-42,F 18 1.4465 100 1.5406 1.5325 0.0941 941.0 860.0 leaked solids
Mix-Az,239 19 1.4498 100 1.5400 1.5362 0.0902 902.0 864.0
Mix-Az,239,42,F 20 1.4461 100 1.5419 1.5393 0.0958 958.0 932.0
Mix-Az,239,42,F 21 1.4458 100 1.5416 1.5386 0.0958 958.0 928.0
Mix-Az,239,42,F 22 1.4449 100 1.5409 1.5368 0.0960 960.0 919.0
Mix-Az,239,42,F 23 1.4437 100 1.5385 1.5344 0.0948 948.0 907.0
Mix-Az,239,42,F 24 1.4436 100 1.5419 1.5352 0.0983 983.0 916.0
Mix-Az,239,42,F 25 1.0983 100 1.1962 1.1880 0.0979 979.0 897.0
Mix-Az,239,42,F 26 1.0938 100 1.1888 1.1807 0.0950 950.0 869.0 stop washing apparatus sides from here forward
Mix-42,F 27 1.1044 100 1.1982 1.1896 0.0938 938.0 852.0
Mix-Az,239 28 1.1074 100 1.1973 1.1917 0.0899 899.0 843.0
Mix-Az,239,42,F 29 1.0970 100 1.1904 1.1849 0.0934 934.0 879.0
Mix-Az,239,42,F 30 1.0986 100 1.1945 1.1881 0.0959 959.0 895.0
Mix-Az,239,42,F 31 1.0973 100 1.1768 1.1718 0.0795 795.0 745.0
Mix-Az,239,42,F 32 1.1040 100 1.1831 1.1780 0.0791 791.0 740.0
Mix-Az,239,42,F 33 1.1022 100 1.1829 1.1770 0.0807 807.0 748.0
Mix-Az,239,42,F 34 1.1069 100 1.1866 1.1802 0.0797 797.0 733.0
Mix-Az,239,42,F 35 1.1094 100 1.1915 1.1848 0.0821 821.0 754.0
Mix-42,F 36 1.1075 100 1.1977 1.1903 0.0902 902.0 828.0
Mix-Az,239 37 1.1086 100 1.1634 1.1600 0.0548 548.0 514.0
Mix-Az,239,42,F 38 1.1054 100 1.1855 1.1799 0.0801 801.0 745.0
Mix-Az,239,42,F 39 1.1056 100 1.1788 1.1732 0.0732 732.0 676.0
Mix-Az,239,42,F 40 1.1052 100 1.1876 1.1814 0.0824 824.0 762.0
Mix-Az,239,42,F 41 1.1041 100 1.1817 1.1756 0.0776 776.0 715.0
Mix-Az,239,42,F 42 1.1004 100 1.1793 1.1731 0.0789 789.0 727.0
Mix-Az,239,42,F 43 1.1023 100 1.1800 1.1738 0.0777 777.0 715.0
Mix-Az,239,42,F 44 1.1030 100 1.1850 1.1778 0.0820 820.0 748.0
Mix-42,F 45 1.1076 100 1.2036 1.1935 0.0960 960.0 859.0
Mix-Az,239 46 1.1097 100 1.1903 1.1838 0.0806 806.0 741.0
Mix-Az,239,42,F 47 1.1019 100 1.1924 1.1850 0.0905 905.0 831.0
Mix-Az,239,42,F 48 1.1064 100 1.2028 1.1948 0.0964 964.0 884.0
Mix-Az,239,42,F 49 1.1035 100 1.1987 1.1904 0.0952 952.0 869.0
Mix-Az,239,42,F 50 1.1085 100 1.1966 1.1903 0.0881 881.0 818.0
Mix-Az,239,42,F 51 1.1055 100 1.1853 1.1802 0.0798 798.0 747.0
Mix-Az,239,42,F 52 1.1031 100 1.1835 1.1775 0.0804 804.0 744.0
Mix-Az,239,42,F 53 1.1056 100 1.1872 1.1802 0.0816 816.0 746.0
Mix-42,F 54 1.1063 100 1.2010 1.1941 0.0947 947.0 878.0
Mix-Az,239 55 1.1036 100 1.1997 1.1906 0.0961 961.0 870.0
Mix-Az,239,42,F 56 1.1016 100 1.1971 1.1880 0.0955 955.0 864.0
Mix-Az,239,42,F 57 1.1055 100 1.1886 1.1807 0.0831 831.0 752.0
Mix-Az,239,42,F 58 1.1113 100 1.1959 1.1893 0.0846 846.0 780.0
Mix-Az,239,42,F 59 1.1007 100 1.1967 1.1890 0.0960 960.0 883.0 Extra paper, did re-weight.
Mix-Az,239,42,F 60 1.0954 100 1.1898 1.1818 0.0944 944.0 864.0
Mix-Az,239,42,F 61 1.1052 100 1.2012 1.1933 0.0960 960.0 881.0 washed side of apparatus.
Mix-Az,239,42,F 62 1.1044 100 1.1847 1.1785 0.0803 803.0 741.0
Mix-42,F 63 1.1025 100 1.1913 1.1845 0.0888 888.0 820.0
Mix-Az,239 64 1.1049 100 1.1971 1.1870 0.0922 922.0 821.0
Mix-Az,239,42,F 65 1.1116 100 1.2074 1.1977 0.0958 958.0 861.0
Mix-Az,239,42,F 66 1.0935 100 1.1893 1.1797 0.0958 958.0 862.0
Mix-Az,239,42,F 67 1.1061 100 1.1944 1.1856 0.0883 883.0 795.0
Mix-Az,239,42,F 68 1.1029 100 1.2000 1.1910 0.0971 971.0 881.0
Mix-Az,239,42,F 69 1.0996 100 1.1921 1.1841 0.0925 925.0 845.0
Mix-Az,239,42,F 70 1.1070 100 1.2008 1.1928 0.0938 938.0 858.0
Mix-Az,239,42,F 71 1.1050 100 1.1901 1.1770 0.0851 851.0 720.0
Mix-42,F 72 1.1010 100 1.1921 1.1861 0.0911 911.0 851.0
Clay 239 73 1.0999 100 1.1964 1.1914 0.0965 965.0 915.0
Mix-239,F 74 1.0989 100 1.1879 1.1838 0.0890 890.0 849.0
Mix-239,F 75 1.1032 100 1.1944 1.1891 0.0912 912.0 859.0
Mix-239,F 76 1.1009 100 1.1824 1.1777 0.0815 815.0 768.0
Mix-239,F 77 1.1071 100 1.2008 1.1960 0.0937 937.0 889.0
Mix-239,F 78 1.1042 100 1.1997 1.1940 0.0955 955.0 898.0
Mix-239,F 79 1.0955 100 1.1884 1.1827 0.0929 929.0 872.0
Mix-239,F 80 1.0927 100 1.1789 1.1735 0.0862 862.0 808.0
Clay F 81 1.0933 100 1.1704 1.1661 0.0771 771.0 728.0
Blank 82 1.1474 100 1.1474 1.1474 0.0000 0.0 0.0  
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APPENDIX O – S-PLUS SCRIPTS FOR THE PENALIZED SIGNAL REGRESSION, 
PRINCIPAL COMPONENT, AND PARTIAL LEAST SQUARE MIXTURE ANALYSES 
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SCRIPT O.1 – PENALIZED SIGNAL REGRESSION (PSR) SCRIPT FOR THE THREE-
CONSTITUENT MIXTURE ANALYSES (with and without pure samples) 
 
y<-Arizona Dust #Change only Y to input Arizona Dust, clay239, or clay42 
pure<-20:22 
valid<-c(5,6,9,11,14,15) 
S.in<-Spectrals[-pure,] 
# matplot(1:32,t(S[-c(pure,23),]),type='l') 
y.in<-y[-pure] 
iindex_seq(from=390,to=700, by=10) 
ps._30 
powers_seq(from=-5, to=3, by=.5) 
llength_length(powers) 
mmatrix_matrix(0,llength,3) 
counter_0 
for(ii in powers)  
{ counter_counter+1 
lam. _ 10^ii 
try.na<- signal.fit(y.in[-valid],iindex,S.in[-valid,],ps.int=ps.,lam=lam.,coef.plot=F) 
mmatrix[counter,]_c(lam.,try.na$cv,try.na$eff)          } 
mmatrix 
cvs_as.vector(mmatrix[,2]) 
plot(y.in[-valid],opt.c$mu,xlab='Observed Training Data',ylab='Predicted Training Data') 
abline(0,1) 
plot(powers, cvs,type='l',xlab='Power of Penalty Coefficient',ylab='Cross Validation SSE') 
mmin_which(cvs==min(cvs)) 
opt.c<- signal.fit(y.in[-valid],iindex, S.in[-
valid,],ps.int=ps.,lam=10^(powers[mmin]),se=F,y.predicted=y.in[valid],x.predicted=S.in[vali
d,]) 
plot(y.in[valid],opt.c$eta.predicted,xlab='Observed Validation Data',ylab='Predicted Validation 
Data') 
abline(0,1) 
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SCRIPT O.2 – PRINCIPAL COMPONENT ANALYSIS (PCA) SCRIPT FOR THE THREE-
CONSTITUENT MIXTURE ANALYSES (with and without pure samples) 
 
#Optimal Kpca for minimum Cross Validation (CVi) and Standard Error of Prediction (SEP) 
calculations for PCA 
yy<-Arizona Dust # must run with clay239mix and clay42mix and AzWOpure, Pure component 
files; Arizona Dust clay239 & clay42. 
XX<-Spectrals  #SWOpure and then must run with pure components file, Spectrals 
pure<-20:22 
valid<-c(5,6,9,11,14,15) 
rank._1:10 
counter_0 
mmatrix_matrix(0,length(rank.),2) 
for(ii in rank.)        {  
counter_counter+1 
try <- pca.cv(yy[-valid], XX[-valid,],rank=ii) 
cv.delete.one <- sqrt(sum((yy[-valid]-try$cv.p)^2)/length(yy[-valid])) 
mmatrix[counter,]_c(ii,cv.delete.one)        } 
mmatrix 
cvs_as.vector(mmatrix[,2]) 
minn_which(cvs==min(cvs)) 
plot(yy[-valid],optpca.c$eta,xlab='Observed Training Data',ylab='Predicted Training Data') 
abline(0,1) 
optpca.c <- pca.curtis(yy[-valid], XX[-
valid,],rank=rank.[minn],y.predict=yy[valid],x.predict=XX[valid,]) 
glist$rank <- rank. 
output_c(optpca.c$sep, optpca.c$rank) 
output 
plot(rank.,cvs, type='l', xlab='Number of Principal Components',ylab='Cross Validation SSE') 
plot(iindex,optpca.c$beta,type='l', xlab = "Spectral Coefficient Index", ylab = "Unscaled Beta") 
plot(yy[valid],optpca.c$eta.pred,xlab='Observed Validation Data',ylab='Predicted Validation 
Data') 
abline(0,1) 
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SCRIPT O.3 – PARTIAL LEAST SQUARES (PLS) SCRIPT FOR THE THREE-
CONSTITUENT MIXTURE ANALYSES (with and without pure samples) 
 
#Optimial Kpls for minimum Cross Validation (CVi) and Standard Error of Prediction (SEP) 
calculations for PLS 
yy<-Arizona Dust # must run with clay239mix and clay42mix and AzWOpure, Pure component 
files; Arizona Dust clay239 & clay42. 
XX<-Spectrals  # SWOpure and then must run with pure components file, Spectrals 
pure<-20:22 
valid<-c(5,6,9,11,14,15) 
comp._1:8 
counter_0 
mmatrix_matrix(0,length(comp.),2) 
for(ii in comp.)    { 
counter_counter+1 
try <- gpls.cv(yy[-valid], XX[-valid,],comp=ii) 
cv.delete.one <- sqrt(sum((yy[-valid]-try$cv.p)^2)/length(yy[-valid])) 
mmatrix[counter,]_c(ii,cv.delete.one)    } 
mmatrix 
cvs_as.vector(mmatrix[,2]) 
minn_which(cvs==min(cvs)) 
plot(yy[-valid],optpls.na$mu,xlab='Observed Training Data',ylab='Predicted Training Data') 
abline(0,1) 
plot(comp.,cvs, type='l', xlab='Number of Latent Variables',ylab='Cross Validation SSE') 
optpls.na_gpls.curtis(yy[-valid],XX[-valid,],comp=comp.[minn],y.pred=yy[valid], 
x.pred=XX[valid,]) 
output_c(optpls.na$sep, optpls.na$components) 
output 
plot(yy[valid],optpls.na$eta.pred,xlab='Observed Validation Data',ylab='Predicted Validation 
Data') 
abline(0,1) 
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SCRIPT O.4 – PENALIZED SIGNAL REGRESSION (PSR) SCRIPT FOR THE FOUR-
CONSTITUENT ANALYSES (with and without pure samples) 
 
y<-Arizona Dust.4  #Change only Y to input Arizona Dust.4, Clay239.4, Clay42.4, or ClayF.4 
valid<-c(31,32,33,40,42,49,50,51) #For 4-comp with pure c(31,32,33,40,42,49,50,51) without 
pure change to c(29,30,31,38,40,47,48,49) for other validation     
pure<-c(1,9,73,81) 
S.in<-Spectrals.4 #[-pure,] 
#matplot(1:32,t(Spectrals.4[-pure,]),type='l') 
y.in<-y #[-pure] 
iindex_seq(from=390,to=700, by=10) 
ps._30 
powers_seq(from=-5, to=3, by=.1) 
llength_length(powers) 
mmatrix_matrix(0,llength,3) 
counter_0 
for(ii in powers)  
{ counter_counter+1 
lam. _ 10^ii 
try.na<- signal.fit(y.in[-valid],iindex,S.in[-valid,],ps.int=ps.,lam=lam.,coef.plot=F) 
mmatrix[counter,]_c(lam.,try.na$cv,try.na$eff)          } 
mmatrix 
cvs_as.vector(mmatrix[,2]) 
plot(y.in[-valid],opt.c$mu,xlab='Observed Training Data',ylab='Predicted Training Data') 
abline(0,1) 
plot(powers, cvs,type='l',xlab='Power of Penalty Coefficient',ylab='Cross Validation SSE') 
mmin_which(cvs==min(cvs)) 
opt.c<- signal.fit(y.in[-valid],iindex, S.in[-
valid,],ps.int=ps.,lam=10^(powers[mmin]),se=F,y.predicted=y.in[valid],x.predicted=S.in[vali
d,]) 
plot(y.in[valid],opt.c$eta.predicted,xlab='Observed Validation Data',ylab='Predicted Validation 
Data') 
abline(0,1) 
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SCRIPT O.5 – PRINCIPAL COMPONENT SCRIPT FOR THE FOUR-CONSTITUENT 
MIXTURE ANALYSES (with pure and without pure samples) 
 
#Optimal Kpca for minimum Cross Validation (CVi) and Standard Error of Prediction (SEP) 
calculations for PCA 
yy<-ClayF.4 #[-pure] #Run with Arizona Dust.4 and Clay239.4 and Clay42.4 and ClayF.4 pure 
component files; then take out pures by removing comment stmt. 
XX<-Spectrals.4 #[-pure,] #Run with pure components file, Spectrals.4, then take out pures, by 
removing comment stmt. 
pure<-c(1,9,73,81) 
valid<-c(31,32,33,40,42,49,50,51) #For 4-comp with pure change c(31,32,33,40,42,49,50,51)  
#valid<-c(29,30,31,38,40,47,48,49) #For 4-comp without pure change to 
c(29,30,31,38,40,47,48,49) 
rank._1:14 
counter_0 
mmatrix_matrix(0,length(rank.),2) 
for(ii in rank.){ 
counter_counter+1 
try <- pca.cv(yy[-valid], XX[-valid,],rank=ii) 
cv.delete.one <- sqrt(sum((yy[-valid]-try$cv.p)^2)/length(yy[-valid])) 
mmatrix[counter,]_c(ii,cv.delete.one)       } 
mmatrix 
cvs_as.vector(mmatrix[,2]) 
minn_which(cvs==min(cvs)) 
plot(yy[-valid],optpca.c$eta, xlab='Observed Training Data', ylab='Predicted Training Data') 
abline(0,1) 
optpca.c <- pca.curtis(yy[-valid], XX[-
valid,],rank=rank.[minn],y.predict=yy[valid],x.predict=XX[valid,]) 
glist$rank <- rank. 
output_c(optpca.c$sep, optpca.c$rank) 
output 
plot(rank.,cvs, type='l', xlab='Number of Principal Components',ylab='Cross Validation SSE') 
plot(iindex,optpca.c$beta,type='l', xlab = "Spectral Coefficient Index", ylab = "Unscaled Beta") 
plot(yy[valid],optpca.c$eta.pred, xlab='Observed Validation Data', ylab='Predicted Validation 
Data') 
abline(0,1) 
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SCRIPT O.6 – PARTIAL LEAST SQUARE SCRIPT FOR THE FOUR-CONSTITUENT 
MIXTURE ANALYSIES (with and without pure samples) 
 
#Optimial Kpls for minimum Cross Validation (CVi) and Standard Error of Prediction (SEP) 
calculations for PLS 
yy<-Arizona Dust.4 #[-pure] #Run with Arizona Dust.4, Clay239.4 and Clay42.4 and ClayF.4 
pure component files; then take out pures by removing comment stmt. 
XX<-Spectrals.4  #[-pure,] #Run with pure components file, Spectrals.4, then take out pures, by 
removing comment stmt. 
pure<-c(1,9,73,81) 
valid<-c(31,32,33,40,42,49,50,51) #For 4-comp with pure  
#valid<-c(29,30,31,38,40,47,48,49) #For 4-comp with out pure 
comp._1:12 
counter_0 
mmatrix_matrix(0,length(comp.),2) 
for(ii in comp.){ 
counter_counter+1 
try <- gpls.cv(yy[-valid], XX[-valid,],comp=ii) 
cv.delete.one <- sqrt(sum((yy[-valid]-try$cv.p)^2)/length(yy[-valid])) 
mmatrix[counter,]_c(ii,cv.delete.one)       } 
mmatrix 
cvs_as.vector(mmatrix[,2]) 
minn_which(cvs==min(cvs)) 
plot(yy[-valid],optpls.na$mu,xlab='Observed Training Data',ylab='Predicted Training Data') 
abline(0,1) 
plot(comp.,cvs, type='l', xlab='Number of Latent Variables',ylab='Cross Validation SSE') 
optpls.na_gpls.curtis(yy[-valid],XX[-valid,],comp=comp.[minn],y.pred=yy[valid], 
x.pred=XX[valid,]) 
output_c(optpls.na$sep, optpls.na$components) 
output 
plot(yy[valid],optpls.na$eta.pred,xlab='Observed Validation Data',ylab='Predicted Validation 
Data') 
abline(0,1) 
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APPENDIX P – TERMS AND VARIABLES 
 
Scattering Agents - Dissolved and suspended organic and inorganic matter. 
Allochthonic - Terrestrial derived matter. 
Autochthonic - Naturally endogenous photo-synthetically derived matter. 
Humic Substances - High molecular weight compounds from natural decomposition of organic 
matter. 
Humin - a non-extractable plant residue matter. 
Humic Acid - A precipitate in an acidified extract process. 
Fulvic Acid – organic material that remains dissolved in an acidified solution. 
Chelation – to react and combine within a ring formation 
Complexation – the binding and formation of a ligand with hydrated metal ions. 
Gelbstoffe – Fulvic acid-type compounds that produce yellow color in water.  
Absorption Coefficient - a(λ). 
Scattering Coefficients - b(λ). 
Volume Reflectance (R) - The ratio of the upwelling irradiance to the downwelling irradiance. 
Surface Volume Reflectance - Volume reflectance just beneath the air/water surface interface. 
Light - The visible or human eye sensitive region of the electromagnetic spectrum. 
Fingerprint - The unique optical signature given by the spectral reflectance curve. 
Trophic – A given level or hierarchical state of water quality. 
Mass Loading (X) - Mass of captured TSS divide by the area of glass fiber filter. 
Reflectance (%R) – The fraction of the total radiant flux incident upon a surface that is reflected. 
Tristimulus Data - HSL and RGB data.  
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APPENDIX Q – ACRONYMS AND ABBREVIATIONS 
 
AOP - Apparent Optical Properties   
Zenith Angle, θ - Angle between the direction to the sun and the surface normal 
Azimuth Angle, Ø – Horizontal angular distance between the observer and object 
IOP - Inherent Optical Properties 
DOM - Dissolved Organic Matter 
CO2 - Carbon Dioxide 
NH3 - Ammonia 
H2O - Water  
TSS - Total Suspended Solids 
CPA - Color Producing Agents  
LADEQ - Louisiana Department of Environmental Quality 
NPS -Non-Point Source 
USEPA - United States Environmental Protection Agency 
TMDL - Total Maximum Daily Loading 
SAS - Statistical Analysis Software 
SM - Suspended Minerals 
DOC - Dissolved Organic Carbon 
LSU - Louisiana State University 
WWTF - Waste Water Treatment Facility 
CASI - Compact Airborne Spectrographic Imager 
AOCI - Airborne Ocean Color Imager 
AVIRIS - Airborne Visible Infrared Imaging Spectrometer  
SSC - Suspended Solids Concentration 
NPS - Non-Point Source 
GIS - Geographic Information System 
VSS - Volatile Suspended Solids 
HSL - Hue/Saturation/Lightness 
RGB – Red/Green/Blue  
CIE - Commission Internationale de I’Eclairage 
ANSI - American National Standards Institute 
GF/F - Glass Fiber Filter with average pore sizes of 0.7 micrometers 
GF/C - Glass Fiber Filter with average pore sizes of 1.2 micrometers 
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APPENDIX R – SOFTWARE, INSTRUMENTATION, AND EQUIPMENT 
 
1) MS Office, Sigma Plot, Colorshop, Table Curve 2D, and SAS. 
2) Analytical Scale, pH and REDOX Meter, Dissolved Oxygen and Temperature Meter, 
Digital Swatchbook Spectrophotometer. 
3) Drying Oven, Muffle Furnace, Vacuum pump, and Whatman Filtration Apparatus. 
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